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Abstract

Mostof theresearchdoneto improvetheperformanceof JavaVirtualMachines(JVM’s)
hasfocusedonsoftwareimplementationsof theJVM specification.Verylittle consideration
hasbeengiven to how Java programsinteractwith hardwareresourcesandhow hardware
componentscanbeusedto improve Java performance.Wegeneratedandanalyzedopcode
andmemoryaccesstracesfor eight differentJava benchmarks,finding thateachJava op-
codetypically causesmultiple memoryaccesses.We next investigatedthe effectiveness
of unifiedandsplit cachesat cachingJava programs,usingtheperformanceof traditional
compiledprogramsfor abasisof comparison.

Motivatedby thesubdivision of memoryby theJVM specificationinto heapmemory,
constantpool data,andoperandstacks,we examinedthepossiblebenefitsof addingsmall
specializedcachesto hold constantpool dataandstackdata.We found thatconstantpool
accesseshave very low locality of referenceandthat the additionof a constantcacheis
detrimentalto cacheperformancefor large main caches.The 24% of memoryaccesses
madeto operandstackswerefound to be efficiently cachedin a 64 byte cache.We sim-
ulatedthe cacheperformanceof Java programsin the presenceof registersby addinga
registercacheto unifiedandsplit caches.Wefoundthatgivenfair hardwareresources,Java
programscachedat leastaswell astraditionalprograms.
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Chapter 1

Intr oduction

“Our research departmentforecaststhat it is very
likely that Javawill replaceC++ over time. AndI

stronglyagree. Onceperformanceissuesare worked
out,C++ will not necessarilybebetterthanJava.”

—EdgarSaadi,April 19971

heJavaprogramminglanguagehasgrown in popularityto becomeoneof themore
importantdevelopmenttools on the market today. Runningon top of a virtual
machine,Javabytecodecanbewrittenonceandruneverywhereavirtual machine

is implemented,saving developershoursof time. Althoughhardwareimplementationsof
the Java Virtual Machine(JVM) specificationexist (seePicoJava for example[22, 25]),
themajority of JVM’s areimplementedin software. TheseJVM’s translatecompiledJava
bytecodeto thenative instructionsof theunderlyingplatform.

WhentheJVM is implementedin softwareit is essentiallya programthatmanipulates
values.Someof thesevaluesaretheoperationcodes(opcodes)of theJava programthat is
runningin theJVM—instructionsthathave ahigh locality andthatwill never bewritten to
in memory. Unfortunately, thecomputeron which theJVM is runningis unawareof these
opcodesandseesall of the valuesthat the JVM manipulatesasdatavalues. This could
besidesteppedif theJava languageincludedspecialinstructionsfor directly manipulating
registersandcache—ways throughwhich to interactwith the hardware. This, however,
would force the languageto favor a particularcomputerarchitecture,therebylosing the
platformindependencethathasmadeit sopowerful in today’s market. Indeed,Java treats
all of memorylike a black box that answersrequestsfor dataandinstructions;the JVM
specificationmakesnoassumptionsabouttheinternalorganizationof memory.

At a lower level, currentprocessorsaremuchfasterthanthespeedof off chip memory.
1Quotedfrom an online letter column found at: http://www.unixinsider.com/unixinsideronline/swol-04-

1997/swol-04-careerp.html
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CHAPTER1. INTRODUCTION 2

Computersbuilt todayaredesignedwith a memorycacheto narrow the gapbetweenthe
speedof theprocessorandthelatency of off chip memory. Almost asa rule, a contempo-
rary cacheis dividedinto two halves—oneto hold instructionsandoneto hold data.There
aretwo mainmotivationsfor thisdivision. First, instructionsarenever modifiedduringthe
executionof a well behaved program;therefore,whenan instructionneedsto bereplaced
in the cache,thereis no chancethat the instructionneedsto be written backto memory.
Thedesignof theinstructioncachecanbesimplerthanthedesignof thedatacache.More
importantly, instructionmemoryaccesseshave a muchhigher locality thandatamemory
accessesandareoften very sequentialin nature. In a unified cache,datacanknock in-
structionsout of the cache,causingproblemswhenthe replacedinstructionis soonto be
executedor when the instructionis part of a currentlyexecutingloop. A divided cache
furtherenhancesthebenefitsof a unifiedcacheby guaranteeingthatinstructionswill bein
cachewell over 90%of thetime.

The Java instructionset can be divided into several classifications,particularly with
respectto how they might manipulatememory. Java opcodesarevery specificaboutthe
operands(data)they manipulate.Certaininstructionsmustaccesscertainkindsof memory
in certainways. For example,specificinstructionsexist for loadingconstantvaluesfrom
a constantpool. In this case,the datais readonly, as thereis no chancethat the value
will be changed. Similarly, all computationsare performedusing an operandstackfor
scratchspace.The locality of accessesto the top of this stackwill be very high sinceall
computationsareconstantlyaccessingthememoryvaluesthere.

This work examinesthe natureof Java bytecodewith respectto how it interactswith
memory. As implied above, memoryaccessesmadeby anexecutingJava programcanbe
classifiedinto categories.Sucha groupingsuggeststheadditionof specialpurposecaches
to improve Java applicationperformance.Differentclassesof memoryaccesseswould be
segregatedin differentcachesjust asinstructionaccessesanddataaccessesareseparated
undera divided cachearchitecture.Theseadditionswould representnon-trivial computer
architecturemodificationsandcannotcurrentlybesupportedonexistingmachines.Wetake
thepositionof ahypotheticalinquiry: whatgainscouldbemadeif suchsupportexisted?

Chapter2 presentsabackgroundfundamentalto thiswork. Theorganizationof theJava
Virtual Machineandthebasicsof cachingarediscussed.Relatedresearchsurroundingthe
JVM andcachingis summarized.Chapter3 looksat thedifferencesbetweentheJVM and
a traditionalplatformarchitecture.Theimpactof thesedifferenceson memoryaccessesis
discussed.Chapter4 explainsthe procedureusedto obtainmemoryaccessandexecuted
opcodetraces.Thememoryprofilerevealedby thesetracesis comparedto thememorypro-
file for traditionalcompiledprograms.Chapter5 comparesthecacheperformanceof Java
programswith thecacheperformanceof traditionalcompiledprogramsfor unifiedandsplit
cacheconfigurations.Chapter6 presentsthe resultsof experimentsin which specialized
cacheswereaddedto thememoryhierarchy. Chapter7 addressestheobstaclesto adding
specializedcachesandbriefly discussesfurtherwork thatremainsto bedone.



Chapter 2

Background

“[T]he performanceof numericallyintensiveJava
programs. . .canbeaslow as1 percentof the

performanceof FORTRANprograms. . .a 100-fold
performanceslowdownis unacceptable.”

—Moreiraet al. [23]

eforepresentingour resultswe needto provide a backgroundfor theinvestigation.
The two primary topicsof interestarethe Java Virtual Machinespecificationand
how cachingofferssignificantperformanceimprovementsfor executingprograms.

Beforepressingforward in Chapters5 and6 to look at how cachesinteractwith current
Java virtual machineimplementationsandthenhow othercacheconfigurationsmight in-
teractwith future virtual machines,it is importantto first understandthe basicsof each
componentseparately. Sections2.3 through2.5 cover relatedprevious work concerning
Java and its virtual machineimplementations,pastmethodsfor examining the effective-
nessof caches,experimentalcachedesigns,andperformanceboostingoptimizationsfor
exceptionhandling,garbagecollection,andvirtual stackmachines.

2.1 Overview of the Java Virtual Machine Ar chitecture

The Java Virtual Machine(JVM) specificationis abstractby design.This is to allow im-
plementorsa greatdealof freedomin how they implementthe JVM to serve specialized
purposes.It alsomakes the implementationof JVM’s for different individual platforms
feasible.Nonetheless,thespecificationrequirescertaininformationto beavailableto the
JVM. This work is interestedin the organizationof the runtimememoryarea. This area
containsthreesubsections[30]:

1. A methodareacontainingtheloadedtypes.

3
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2. Runtimememorysectionsspecificto eachthread:

(a) All of theprogramcounter(PC)registersfor thethreadsrunningin theprogram,

(b) A Java call framestackfor eachthreadin the programthat storesthestateof
methodinvocationsin thethread,and

(c) A native methodstackfor eachthreadin theprogram.

3. A heapwhichprovidesall dynamicmemoryneededby therunningprogram.

Figure2.1 depictsthis organization. Sections2.1.1through2.1.3treat theseareasin
somedetail.

0System

Vector

String

Object

Thread 1 Thread 2 Thread n

. . . . . . . . . . . . . . . . . . . .

Free Memory HeapMethod Area

0
0

0 0

00 0 0
0

0

0

0

0

00 0

Figure2.1: Overview of theJVM specification’s organizationof memory. Themethodareacon-
tainsJavaclasses(types) loadedthusfarby theJVM. A freememoryheapholdszeroedoutmemory
availablefor allocation.Threadsof executionareseparatefrom eachother.

2.1.1 Method Ar ea

All of thenon-primitive typesusedby theJVM andtheexecutingprogrammustbeloaded
by theJVM beforethey canbeused.We will drop thenon-primitive qualifierandusethe
termtypeto referto classesandinterfaces.Typeinformationis loadedinto themethodarea,
whereit is accessedby all threadsin theJVM. As aresult,themethodarea’sdatastructures
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needsto bethreadsafe.Althoughthesedatastructuresexclusively containreadonly data,
typescanbeloadeddynamicallyin Java. If themethodareadatastructureswerenot thread
safe,two threadscould try to simultaneouslyload the same(previously unloaded)type.
Eachtypein themethodareahasto have thefollowing information:

1. Thefully qualifiednamefor thetype.

2. Thefully qualifiednamefor theimmediatesuperclassof thetype.

3. Whetheror not thetypeis aninterfaceor aclass.

4. Themodifiersfor thetype(public,abstract,final).

5. An orderedlist of thefully qualifiednamesof thedirectsuperinterfacesof thetype.

A fully qualified nameis the completepath to the class,interface,method,or instance
variable. It consistsof the packagefollowed by the classor interface name(such as
java.lang.Object). For methodsandinstancevariablestheclass/interfacenameis suc-
ceededby themethodor variablename.A superinterfaceis an interfaceimplementedby
thetype.

Additionally eachtypehasits own constantpool containingboth literal constantsand
symbolicreferencesto types,fields,andmethods.Theconstantpool is accessedwhenever
an instancevariableor a methodis resolved. Classvariablesthat arenon-finalarestored
within the methodareabut not within the constantpool. The methodareaalsocontains
informationon all thefields in the type,specifyingtheir names,types,modifiers,andthe
order in which they were declared. Information aboutmethodsspecifyingtheir names,
returntypes(if any), parametercounts,andmodifiersis alsorequired.Non-abstract,non-
native methodsadditionallykeepanexceptiontable,thesizesof theoperandstackandof
the local variablesection(for their stackframes– seeSection2.1.2),andtheir bytecodes
in themethodarea.Finally, all typesincludea referenceto theClassLoader that loaded
themanda referenceto theClass objectusedto constructthetype[30].

2.1.2 Runtime Memory SectionsSpecificto Each Thread

Eachthreadin theJVM hasits own PCregister, Java call framestack,andnative method
stack. The PC registerpoints to the next instructionto be executedfor the thread. The
nativemethodstackis entirelyplatformdependent.Whenanativemethodcall is made,the
methodinvocationframeis placedon the call framestack;however, the frameis a place
holderthatpointsto thenativemethodstack.Thenativecodeexecutionoccursonthenative
methodstack.

Thecall framestackis theheartof theJVM, containingstackframesfor eachmethod
invocationmadein thethread.TheJVM itself canonly pushandpopthestackframes.All
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othermanipulationof theJava stackis doneby theexecutingthread[30]. For example,the
pushingandpoppingof valuesonto the operandstackcontainedwithin a call frame(see
below) is handledby thethread.

To allocatethe memoryfor the call framethe JVM needsto know how muchspace
will be requiredfor theoperandstackandthe local variablesection(hencethe storingof
the sizesof thesespaceswithin the methodarea). With respectto the operandstackthis
requiresknowing the maximumheight attainedby the stackduring the executionof its
method.

Therearetwo waysthat thecall framescanbe allocated.In thefirst schemethey are
allocatedfrom the global free memoryheap. In the second,the call framesareallocated
from a contiguousstack.Underthis schemethesizeof theoperandstackdoesnot needto
beknown sincetheoperandstackis alwayslocatedatthetopof thecall frame;thecurrently
active methodframewill consequentlyhave its operandstackat the top of the call frame
stackwhereit cangrow freely.

While astackframeis executingtheJVM keepstrackof thecurrentclass(theclasscon-
tainingtheexecutingmethod)andthecurrentconstantpool. Eachstackframeis comprised
of threesections:

1. Framedatathatmaintainsa referenceto theconstantpool andcontainsinformation
neededfor bothnormalandabnormalmethodcompletion,

2. A local variablesectionwhich storesboththelocal variablesfor themethodandthe
parametersfor themethod,and

3. An operandstack.

Figure2.2shows theorganizationfor anexamplecall frame.
Sincethe Java instructionset is built arounda stackmachine,all computationsare

performedontheoperandstack.Most instructionseitherloaddataontothestack,storedata
poppedfrom thetopof thestack,or performacomputationusingstack-basedoperands[30].

2.1.3 The Heap

Likethemethodarea,theheapis usedby all of thethreadsin theJVM. Althoughnotexplic-
itly requiredby theJVM specification,mostJVM implementationshaveagarbagecollector
thatmaintainstheheapby freeingmemoryno longerreferencedby any objects[30].

Themoststraightforwardapproachto garbagecollectionis themark/sweepalgorithm.
Thegarbagecollectorlooksthroughall of theprogramthreads’call framestacks.Eachlive
objectreferenceis placedinto amarkstackfor latermarking.Eachobjectin themarkstack
is takenoff andmarkedaslive. Additionally, every objectreferencedby themarkedobject
is placedinto themarkstackfor laterprocessing.Whenall of therun-timestackshavebeen
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the method.

operand stack

parameters/local variables

return value (if any)

return PC value

invoking frame reference

exception table reference

constant pool reference

class containing the 

method instantiated

Constant pool for the 

by this call frame.

Exception table for

Figure2.2: Java call framestructure.Thecall framestackis assumedto begrowing down in this
picture,placingtheoperandstackat thetop of thestackwhenthecall frameis active.

traversedandthemarkstackis empty, all of the live objectshave beenmarked. Thenthe
garbagecollectorsweepsthroughtheheapfreeingunmarkedobjectsandreturningthemto
the freestore. Finally, if theheapis seriouslyfragmentedthegarbagecollectorcompacts
theheap,moving all of thefreespaceto oneendof theheap[8].

Sincethe mark and sweepcollector traversesthe threadrun-time stacksand poten-
tially movesitemsaroundtheheap,many implementationsof thealgorithmsuspendthread
executionsduringgarbagecollection.For largeprograms,this resultsin significantdelays.
Two improvementshavebeenmadeto thisdesign.Thefirst is to performgarbagecollection
concurrentlywith JVM worker threadsthatareunrelatedto theexecutionof theprogram,
allowing theJVM to move forwardduringgarbagecollection[7]. Thesecondmakesuse
of theobservation thatmorerecentlyallocatedobjectsaremorelikely to beunreferenced
sooner, sincemany of thesearetemporaryvariables.“Studiesshow that,in thetimeit takes
to allocate32Kbytesof memoryoff theheap,over 90 percentof thenewly createdobjects
will alreadybe dead[22].” Thus, it is worthwhile for the collector to frequentlysweep
throughthe mostrecentgenerationof objects(thosemostrecentlyallocated)andto only
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occasionallycollecttheentireheap[7].

2.1.4 DesignRationalesof JVM

Centeringthe JVM aroundstackoperationsreducesperformancesinceadditionalopera-
tionsareneededto pushandpopvaluesto andfrom theoperandstack.Registermachines
do not requiretheextra operationsusedto manipulatethestacksinceregistermachinein-
structionsrefer to registers. The decisionto usea stackarchitecturewasmadeto make
the JVM moreplatform independent.By not accessingany registers,the JVM caneas-
ily be implementedason platformsthat have few registersas thosethat have dozensof
registers.Anothermotivationfor a stack-centeredinstructionsetwasthatmany compilers
producestack-basedintermediatefiles. By usinga stack-centeredinstructionset,compiled
Java bytecodeis very similar in structureto objectfiles generatedby compilersof other
languages.Thus,theJVM is likea linker, andcanbenefitfrom known linker optimizations
to enhancebytecodeexecution.Finally, theJava languagewasdesignedwith thenetwork
in mind. To this end,Java classfiles aresmall andcompactandcanbe easily transmit-
tedacrossthenetwork. Almost all of theopcodesspecifywhat typesthey expect,making
bytecodeverificationfeasibleandnetwork transmissionsafe[30].

2.2 CacheOverview

For thepastseveralyearsincreasesin computerprocessorspeedshave outpacedincreases
in memoryspeeds.Today, CPUsexecuteinstructionsfar morequickly thanmemorycan
provide the requireddata. To narrow this gapin speeds,computerarchitecturesnow in-
cludeseveral level of caches—small,expensive, high speedmemorythatcanbetterfill the
requestsof theprocessorfor data.Thesecachessit betweentheprocessorandmainmem-
ory (seeFigure2.3),usuallyresidingon theprocessorchip itself (at leastfor thefirst level
cache—seeSection2.2.7). Sincethe cacheis part of the chip, the time for signalprop-
agationis muchshorterthan for accessingmain memory[26]. In addition, the cacheis
implementedin amoreexpensive technologythanmainmemory;usingthis technologyfor
mainmemorywouldbeprohibitively expensive. Furthermore,theaccessspeedfor acache
decreasesasthesizeof thecacheincreases.

2.2.1 Theory Behind Caching

Despitehaving only a fractionof thecapacityof mainmemory, cachesare oftenableto fill
over 90%of theprocessor’s requestsfor data. If memoryaddresseswereaccessedwith a
uniformdistribution, thecachehit rate(thepercentageof thetimethattherequestedaddress
is residentin the cache)could not be betterthanthe ratio of the cachesizeto the sizeof
mainmemory. However, programsexhibit aprincipleof locality of reference:
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Main Memory

CPU Cache Hierarcy

Figure2.3: Simplified memoryhierarchy. The CPU writes valuesto the cachehierarchy, which
in turn writesthosevaluesto mainmemory. Whenretrieving a valuefrom memory, theCPUlooks
in the cachehierarchyfor thevalue. The hierarchywill thenreadthe valuefrom main memoryif
needed.
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Most programsspend90% of their execution time in 10% of their source
code[26].

In otherwords,memorythat hasbeenaccessedrecentlyis more likely to be usedagain
soon. This behavior allows cachesto cover the greatmajority of memoryaccesseswhen
fetchingthenext instructionto execute.

To beeffective, a cachedoesnot needto storeall of thememoryusedby theprogram.
Only themostrecentlyusedportionof theworkingsetneedsto beheldin thecache.

Theworkingsetof aprogramis thesetof memoryvaluesfrequentlyaccessed
by the programduring its execution. It doesnot includethe memoryvalues
usedsolelyduringinitializationand/orshutdown.

Whentheaddressis not in thecache,it is loadedfrom mainmemorybothto thecacheand
to theprocessor. Theprincipleof locality of referencetells usthat this addressis likely to
be usedagainin thenearfuture; thecostof thecachemissandof fetchingtheaddressis
offsetby thelikelihoodof shorterfetchingtimeslaterin theprogram’s execution[26].

Memoryaccessesof datadonotshow asmuchlocality astheaccessingof instructions.
Sincedatatendsnot to beaccessedin thelinearfashionof instructions,theretrieval of data
addressesis moredistributedthroughoutmemory. Nonetheless,dataaccessesdohave both
temporalandspatiallocality [26]. Temporallocality is fairly intuitive oncetheconnection
is madethataccessingadataaddressis causedby accessingavariablein aprogram.Often
variablesin a programarerepeatedlyaccessedduringa shortperiodof time, for example
duringa loop or within a function.

Spatial locality is createdboth by how programsarestructuredandby how compil-
ers layout out programsin memory. A well-structuredprogramsubdivides its tasksinto
multiple functionswith variableslocal to the functions. As a functionexecutes,it will be
primarily accessingthevariableslocal to it, all of whicharecloseto eachotherin memory.
Whena compilerlaysout a programin memory, it placesall of thevariablesnext to each
other. Thus,accessesto a variablein a programare restrictedto certainrangeof mem-
ory. Theramificationsof spatiallocality on cachingsuccessarelessintuitive thanthoseof
temporallocality. Wewill considerthis topic later.

2.2.2 Defining Characteristicsof Caches

As an extensionof memory, a cacheneedsto be ableto handleboth readsandwrites to
memoryaddresses.In additionto thesetasks,acachehasseveralcharacteristicsthatdistin-
guishit from mainmemoryandfrom othercacheimplementations:

1. How thecachedeterminesif a given memoryaddressresidesin cache.This varies
from cacheto cachedependingon theassociativityof thecache.Associativity is the
numberof placesin acachewhereanaddresscanreside.
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2. Thereplacementstrategy for replacinga line of thecachewhenanaddressmustbe
fetchedinto analreadyfull cache.Theline of thecacheis theindexableblock of the
cache.

3. Whenwriting to an address,a cachecaneitherupdatethe value in main memory
(write through) or wait until theline is replacedbeforewriting to mainmemory(write
back).

Wewill now look at eachof thesecharacteristicsin moredetail.

2.2.3 Readingfr om Cache

Thelocationof anaddressin thecacheis foundusingsomemapping.Usuallythis function
modsthememoryblock address(the addresstruncatedto cut off theblock offset) by the
numberof linesin thecache.Thisyieldsanindex into thecache,mappingmultiplememory
blocksto the sameline. Eachline of cacheholdsa memoryblock’s worth of addresses,
indexableby theaddressoffset(seeFigure2.4). To determineif thecacheline containsthe

...Data...
Tag Indexflags

Bit Block address

Block offset

Figure2.4: Organizationof a line of cache.

correctmemoryblock for a given memoryaddress,thecacheline alsostoresthe address
tagagainstwhich thecachecomparestheaddresstagof thememoryaddressin question.
In addition,thereis a valid bit which, if set,saysthat the line is a valid block of memory.
Whenthe computerfirst startsup all of the cachelines have their valid bits setto 0. On
a matchwith a valid bit, the offset of the memoryaddressindexes into the cacheline to
retrieve theappropriateword of memory[26]. If theaddressis not in thecache(if either
thetagdoesnotmatchor thevalid bit is not set),theaddressis fetchedfrom mainmemory
andplacedin thecache(seebelow for themostcommonwaysof determiningwhich line
of thecacheto replace),settingthevalid bit for theline to 1.

Sincemultiple memoryblocksmapto the samelocationin the cache,conflictsarise.
To avoid someof theseconflictssomecacheshave theaddresslookupfunctionmapto sets
of cachelines. Thesecachesarecalledset-associativecaches, or just associativecaches.
Typical associative cachesare two-way, four-way, andeight-way associative caches;the
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numberindicateshow many lines compriseeachset. Oncea setof lines is indexed, the
cachematchesall of theaddresstagsin parallelto determineif thememoryaddressis res-
ident in any of the lines. In general,the higher the associativity of the cache,the fewer
conflictmisses(seeSection2.2.6). However, thegainsof eachadditionallevel of associa-
tivity decrease.Thus,an eight-way associative cache,with a memoryblock mappingto
eightdifferentcachelines,performsnearlyaswell asa fully associative cache.Still, direct
mappedcaches(or one-way set-associative caches)areoften useddueto their simplicity
andspeed.With a direct mappedcache,thememoryaddressvaluecanbereadwhile the
addresstagmatchis performed.If thematchsucceedsthe readhasbeenperformedmore
quickly; if not, the value readis ignoredand thereis no loss in time [26]. In addition,
the higher the associativity of the cachethe morecomplex the hardwareused,the more
expensive thecache,andtheslower theaccessto thecache[13].

2.2.4 Replacinga Line of the Cache

Replacinga line of a directmappedcacheis straightforward,asthereis only onechoice
for which line to replace.With a set-associative cache,thereareeithertwo, four, or eight
choicesfor which line to replacewith theincomingmemoryblock. If agivensetof linesis
atcapacity, thatis, if all of thelinesin thesethave thevalid bit set,oneof thelinesneedsto
beselectedfor replacement.Thetwo mostcommonlyusedalgorithmsfor decidingwhich
line to replaceareLeastRecentlyUsed(LRU) andRandom[26]. LRU choosesthecache
line that wasusedthe leastrecentlyfor replacement,following the principle of temporal
locality (that which wasaccessedmost recentlyis more likely to be accessedagain). In
practice,LRU is expensive to implementandis only approximated.A randomselection
algorithmchoosesa cacheline at randomto replace. Either way, the incomingmemory
block is readinto theselectedline andtheline’s valid bit is set.

2.2.5 Writing to Cache

The two policiesfor writing to an addressin the cachearewrite throughandwrite back.
Eachpolicy hasits advantages.With a write throughpolicy, the value at an addressis
updatedin the cacheandin the lower level of memory. In a write backpolicy, the value
at theaddressis updatedin thecacheandnot in thenext lower level of memory. Instead,
a dirty bit is setfor thecacheline to indicatethat the line doesnot matchthe line in main
memory. A readmiss in the future that causesthe dirty line to be replacedwill needto
write theline out to mainmemorybeforereplacingtheline [26]. Figure2.5 illustratesthis
difference.

Write throughboastsa simplerscheme:a readmissnever needsto write backto mem-
ory beforereplacingtheline. Thenext lower level of memoryis alwaysconsistentwith the
cache.Write back,ontheotherhand,allowsafasterwrite to thecache(sincethewrite back
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(c)

(a)

(d)

(b)

Figure2.5: Differentcachewrite andwrite misspolicies. White arrows show thepathtakenby a
write from theCPU(theblackV) throughor aroundthecache(white box) to mainmemory(grey
box). Thepathtakenby a subsequentmemoryreadof theupdatedvalueis shown by a blackarrow.
Picture(a) shows a write hit on a cacheusingwrite through. Thememoryvalueis updatedin the
cacheandin mainmemory. Picture(b) shows a write hit on a write backcache;thememoryvalue
is only updatedin thecacheandthemodifiedcacheline is markedasdirty. Whenthat line is later
replaced,it is written to mainmemory(dashedarrow). Picture(c) shows a write missfor a cache
usingawrite aroundwrite misspolicy. A subsequentreadof thatvaluemustfetchthevalueinto the
cache.Picture(d) shows a write missfor a cacheusinga write fetch write misspolicy. The miss
replacesa line (causingit to bewritten backif a write backpolicy is usedandthereplacedline is
dirty), readsthecorrectline from memoryto thecache(not shown), andupdatesthevaluein both
thecacheandmainmemory. A subsequentreadwill find thevaluein thecache.
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to thenext lower level is putoff). Sincedataaccessesfollow theprincipalof spatiallocality,
addressesclosetogetherarelikely to be updatedover a shortperiodof time. This means
thatmultiplewordsin a line of cachecouldbedirty or thatany givenwordcouldhavebeen
changedmultiple times.Waiting to write backadirty line until absolutelynecessaryavoids
frequentwrites to individual addresses.Thewhole line canbewritten backto memoryin
oneblock, reducingthebandwidth takenup by memorywrites[26].

Similarly, therearetwo policiesfollowedwhena write to anaddressresultsin a cache
miss: Fetchon Write, or Write Around. With fetchon miss,thenew valueis loadedinto
thecache,replacinga line of thecache.Write aroundupdatesthevaluein the lower level
of memorybut doesnot load the addressinto thecache.Typically fetch on write is used
with write backcachesandwrite aroundis usedwith write throughcaches[26].

2.2.6 CacheMisses

As indicatedabove, theaddressrequestedby theCPUis not alwaysresidentin thecache,
resultingin acachemiss.Thesemissesfall into threecategories:

1. Compulsorymissesthat areinevitable the first time a given memoryaddressis ac-
cessed.

2. Capacitymissesresultingfrom afull cache.Theseindicatethatthecurrentlyrunning
programdoesnot fit into thecache.

3. Conflictmissescausedby multipleaddressblocksmappingto thesameline of cache.

The strategy to reducingcompulsorymissesis to make larger memoryblocks, thereby
increasingthelikelihoodthatanaddresshasalreadybeenloadedasthesideeffectof loading
anotheraddressin thesameblockandtakingadvantageof spatiallocality. At thesametime
this forcesthecacheto belarger(increasingit’scost,physicalsizeonthechip,andthetime
neededto locateanaddressin thecache)or causesanincreasein conflictmisses.Capacity
missescanbe reducedby increasingthe sizeof the cache,with the correspondingdraw
backslisted above. As mentionedin Section2.2.3,conflict missesarereducedby caches
with higherassociativity. A fully associative cachesuffers no conflict misses[26]. The
effectsof changingcacheparametersaresummarizedin Table2.1.

Determiningthetypeof acachemissis sometimesdifficult. To distinguishcompulsory
misses,a history of which memoryaddresseshave beenaccessedis required.Separating
capacityfrom conflictmissesis trickier. Chapter5 briefly discussesaway to classifythem.

2.2.7 AdvancedCaching

Oneof thelimitationsof asmall,fastcacheis thatit hasavery limited capacitythatresults
in a relatively highnumberof conflictandcapacitymisses.Thecostof thesemissesis also
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Summary of CacheParameters

compulsory
misses

capacity
misses

conflict
misses

access
time

space
used

cache
cost�

cachesize NC � NC
� � �

�
associativity NC NC � �

NC
�

�
line size � NC

�
NC NC NC

Table 2.1: Summaryof cacheparametersand how varying them changescachebehavior. NC
indicatesno changeoccurs.

high, sincethe addressrequestedmustbe fetchedfrom the relatively slow main memory
thatresidesoff-chip. A solutionis to addasecondlargercachebetweenthelevel onecache
andmainmemorythatactsasa storagebackup for thelevel onecache.This secondlevel
cacheis muchfasterthanmainmemory, but slower thanthelevel onecache.Theincreased
capacityallows the level one cacheto first look in the level two cachefor a requested
address,limiting the cost of a level onecachemiss. This memoryhierarchyeliminates
someconflict missesandmostcapacitymisses[26]. Liptay reportsthat the System/360
Model 85 with cachinghasover a 95%chanceof finding a requestedaddressin thecache.
Comparedto the ideal system,wheremain memoryis as fast as the cache,the cached
System/360is 81%efficient [21].

Anotherobservation madefrom empiricalstudiesis thatabout75%of memoryrefer-
encesareto retrieve instructions.Furthermore,instructionshave amuchgreaterlocality of
referencethandata.Combinethiswith thefactthatloadandstoreinstructionsrequireboth
aninstructionfrom memoryanda dataaccessandquickly asingle,unifiedcachebecomes
a bottleneckfor accessingmemory. Datacanknockout instructionsthatwill beexecuted
in thenearfuture. A split cachehierarchy, or a Harvard cache, canbeemployed in which
instructionsanddataarecachedin separatecaches.This allows an instructionanda data
word to be loadedfrom the cachesimultaneously, doublingthe bandwidthinto the CPU.
Instructionaccesseshavea lowermissratebecausedataaccessesno longercollidewith in-
structionlines.Finally, optimizationscanbemadefor eachindividual cache.For example,
the instructioncachecontainsreadonly values;therewill never beany writesmadeto the
instructioncacheandthecachecanbeoptimizedfor quick reading[26].

Clearlya cachehierarchycantake many differentforms. Therecanbea singleunified
level onecache,asplit level onecache,or alevel onecachebackedupby oneor morelarger
off-chip caches.Eachof thesecachescanhave differentdegreesof associativity. This va-
riety is hiddenfrom executingprogramsby the CPU; the cache hierarchy is transparent.
Writing a programto handlethenumeroustypesof cachingconfigurationswould betime
consuminganderror prone; furthermore,future cachehierarchieswould requiremainte-
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nanceof this complicatedcode. For thesereasonscachingprotocolsareimplementedon
thechip.

From an executingprogram’s point of view, the CPU retrieves valuesfrom memory.
This makes cachinghierarchiessubstitutableand malleable(from the programpoint of
view).

2.3 RelatedJava Work

A lot of researchhasbeenconductedconcerningtheJVM. IBM, for example,publishedan
entirejournalworth of Java researchin January, 2000[15]. The majority of researchhas
focusedon improving the executionspeedusingvariousforms of compilationinsteadof
interpretation.A gooddealof work hasalsolooked at whatbottlenecksexist in theJVM
andhow to reduceor eliminatetheir impact. Kazi et al. presentan excellentsurvey of
currentJava technologyandefforts to improve JVM performance[17].

2.3.1 JVM ExecutionModels

Initially all JVM’s were implementedassimpleto implementinterpreters.TheseJVM’s
translatedJava bytecodeinto theunderlyingmachinecodefor theplatform. Becausethis
translationneedsto occuron every singleinstruction,interpretedJava programsrun much
moreslowly thanmoretraditionalcompiledprograms.While interpreterscontinueto serve
asJVM’sin smalldevices,Just-in-Time(JIT) compilershavebecomethepredominantJVM
implementationavailablefor desktopandserver machines.SinceJava programscannotbe
compiledaheadof time(if they were,thenthey wouldlosetheirplatformindependenceand
network mobility), a JVM needsto compilethebytecodeto native codewhentheprogram
is run. Unfortunately, compiling is usuallya long, processorintensive procedure.A JIT
compileronly compilesbytecodesasthey areexecuted,amortizingthecostsof compilation
over theexecutionof theprogram.Thiscanbedonein thebackgroundwhile aninterpreter
executestheprogram,removing theinitial wait for compiledcodeto arrive [28].

Still, therecanbequitealagwhile theinterpreterrunsandthecompilerproducesnative
code,especiallysincethemajority of a program’s codeis rarely executed.Following the
principleof locality, mostprogramsspend90%of their executiontime in 10%of thecode.
SomenewerJVM’s takeadvantageof thisby runningin interpretedmodeandnotingwhich
codeis executedfrequently. Thesehot spotsare then heavily compiledand optimized,
making the bestuseof the compiler’s time. OtherJVM’s compileeverythingasquickly
aspossible,sacrificingtheoptimizationsthatcouldbemadein favor of compilingquickly.
Thenthey locatetheexecutionhotspotsandadaptively recompilethosesectionswith heavy
optimizations[6].

Whereportability is not a concernJava bytecodecanbe directly compiledto native
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machinecodeaheadof time. Bytecode-to-source translatingJVM’s convert Java bytecode
to ahigh-level intermediatelanguage(suchasC). An existingcompilerfor theintermediate
languagethengeneratesmachinecode[17].

2.3.2 Java Bottlenecks

A lot of work hasbeendonein locatingthe Java performancebottlenecksboth for client
andserver JVM’s. Several studiescited above describethis sort of work. The SanFran-
ciscoproject[5], startedto give businessesa library framework for largeJava applications,
foundthatJava programssufferedfrom long codepaths,immutablestrings,excessive and
expensive exceptionuse,andunnecessarysynchronization.Oftenthelongcodepathswere
hiddenin thestandardJava libraries. As an exampleof unnecessarysynchronizationand
inefficient string implementation,Christ et al. report that string concatenationcausesan
implicit synchronizedStringBuffer to becreatedby theJava compiler. Sincethis buffer
is temporaryandwill never be sharedbetweenmultiple threads,thereis no needfor the
synchronization.Similarly, all of thedatastructuresin theJava librariesaresynchronized
sincethereexiststhepossibilityof multiple threadsaccessingthem.Whenthesestructures
areusedwithin synchronizedcode,multiple,unnecessarylevelsof synchronizationrestrict
applicationperformance.

Similar resultswerefoundby Guin theprocessof improving oneof IBM’ sJVM’s[12].
Otherbottleneckareasincludemonitorcontention,memoryallocation,run time typereso-
lution, andtheAWT graphics.All objects,by specification,haveamonitorassociatedwith
themto provide for thepossibilityof needingto synchronizeagivenobject.If this required
monitor is näıvely implemented,theperformancecostcanbe impressive. Dimpsey et al.
foundin their work to build a viableJava server thatsynchronizationcanaccountfor 19%
of applicationrunningtime [8]. Whenallocatingmemorythe JVM hasto locatea large
enoughpieceof memoryto containthe new object. A näıve memorymanagersearches
throughtheheaplooking for anavailablechunklargeenoughto hold therequestedobject.
Gu proposesa betterapproachin which somefreechunksof memoryarestoredin binsof
specificsizes,rangingfrom only afew bytesto 512bytes.Whenanobjectof aspecificsize
is requested,the managercango directly to thecorrectlysizedbin to retrieve the needed
memory. Theuppersizeof 512byteswaschosensincemostobjectallocationsarelessthan
this size. For larger objectsthe managermustsearchthroughthe entireheapfor a large
enoughblockof memory.

Anotherbottleneckwith memoryallocationthat is relatedto monitorcontentionis re-
portedby Dimpsey. Eachinstanceof a JVM hasa singleheapfrom which all memoryfor
theexecutingprogramis allocated,evenin amulti-threadedprogram.As such,aheaplock
is necessaryto ensurethatthesamepieceof memoryis notallocatedsimultaneouslyto two
differentthreads.Java’s objectorienteddesignencouragesfrequentobjectallocation;thus,
theheaplock is oneof themostcontendedlocksin theJVM. Thissituationis helpedby the
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free lists mentionedby Gu [12], sincetheheaplock needsto beheld for a shorterperiod
of time. Dimpsey alsoproposesaddingThreadLocal Heaps(TLH). Despitethe name,a
TLH is simplya1024byteblockof freememoryto whicha threadhasexclusive access.If
a threadcannotallocatetheneededmemoryfrom its TLH thena new TLH is givento the
thread,providedit is not simplyaproblemwith allocatingavery largeobject.

Gu reportsthatperformancebottleneckslie hiddenwithin theJava classlibraries. He
givesthe exampleof String classmethodsbeingcalledvery frequently, andbeinginef-
ficiently implemented.Sincethesemethodsarecallednot by the userprogram(instead
beingcalledinternallyto thelibraries),theprogrammerhasnocontroloveravoidingcostly
methodsor avoiding unnecessaryrepetitionsof calls.

Otherbottleneckslie within theJVM itself. Runtimetyperesolutionis oftenneedlessly
performedtwice. Considerthefollowing rathercommoncode:

if(someObject instanceof SomeClass){
SomeClass a = (SomeClass)someObject;

}

This styleof codecannearlyalwaysbefoundin overriddenequals() methods.Whenthe
codeis compiledto Java bytecode,animplicit typecheckis madewhenthecastoccursso
that theJVM candeterminewhetheror not to throw a ClassCastException. This check
is clearlyextraneoussincetheprogrammerhasalreadyexplicitly forcedtheJVM to look
up thetypeof someObject. Unlessthebytecodecompileris intelligentthis informationis
thendiscardedandthenimmediatelylookedup again.

Anotherstudyfrom IBM onusingJavato dohigh-performancenumericalcomputations
foundotherbottleneckscausedby theJava languagespecification[23]. Specifically, every
arrayaccess,bothreadandwrite, requiresanarrayboundscheckto determinewhetheror
not theaccesscausesanArrayIndexOutOfBoundsException to bethrown. Furthermore,
for arraysthatcontainobjectsaccessesalsoforcea checkfor a NullPointerException.
Theseconstraintsparticularlyhamperscientificnumericalcomputationswhichrely heavily
on multi-dimensionalarrays. Sinceeachdimensionof the arraycanhave variablelength
arrays,theboundscheckingcannotbecompiledout into asinglerangecheck.Furthermore,
accessescannotbecomputedasa simpleoffsetasthey canbe in FORTRAN 90 (wherea
given dimensionhasa setlength); instead,eachdimensionmustbe dereferencedin turn,
with the appropriateboundsandnull pointerchecks. Other obstaclesto Java numerical
computingcitedby theauthorsincludethelack of lightweightclassesandobjectsthatcan
betreatedlike theprimitive types,thenon-existentsupportfor efficientcomplex arithmetic,
andthe inability of a JVM to accessspecializedfloatingpoint hardwareof theunderlying
machine.Takentogether, numericalbenchmarkswritten in Java showeda 100-foldperfor-
manceslowdown whenmeasuredagainstFORTRAN 90. Most of theseproblems,how-
ever, arenot insurmountable.The authorsdevelopeda new Array packagethat provides
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FORTRAN-like arraysandmodifiedtheir JVM to eliminateextraneousboundschecking.
They alsodevelopeda complex numberpackageandmadefurther JVM modificationsto
supportcomplex arithmeticefficiently.

2.3.3 Profiling Java Programsand the JVM

A largeamountof workhaslookedatmeasuringtheperformanceof Javaprograms.Viswanathan
andLiangpresentanadditionto thebuilt in JVM profiler to provide focusedprofiling. The
profiling centersarounda group of call back functionsthat enableand disablespecific
profiling for different sectionsof executingcode. Functionalityfor the profiler includes
stacktraces,heapdumps,andthe checkingof threadstatus.An interactive front endcan
be addedthat doesnot impact the executingprogramsinceit runs in a differentprocess
from theJVM [31]. Kazi et al. presentanothervisualprofiling tool aimedat client/server
profiling thatcantraceremotemethodcalls[18].

Anotherimportantaspectto measuringperformanceis theuseof suitablebenchmarks
for testing.Baylor et al. addresstheproblemof a lack of informative benchmarksfor Java
servers.ExistingJava microbenchmarkslike SPECJVM98arenot suitedto theevaluation
of large scaleserver applications.They presenttheir own microbenchmarksuiteaimedat
theoperatingsystemservicesprovidedby theJVM, includingmeasuringhardwareevents
suchascachemissesandinstructioncounts[4].

Theability to compareperformanceevaluationsis equallyimportantasmeasuringper-
formance.This desireled to theuseof benchmarksthatcanbeusedacrossdifferentplat-
forms. Following in the samepath,anotherproject from IBM presentsa unified arcflow
model for performanceanalysisin the Java environment. The standardizationof perfor-
mancemetric representationsand methodologyis designedto allow easiercomparisons
betweendifferentsystems,aswell asfacilitatingswitchesfrom onekind of analysisto an-
other(suchasmemoryanalysisto delayanalysis)[1]. The Jalapẽno virtual machinehas
incorporateda gooddealof theseresearchefforts [2].

2.3.4 HardwareJVM Implementations

Although this studyis interestedin the interactionbetweena softwareimplementationof
the JVM and the underlyinghardware, it is neverthelessinstructive to look at how the
JVM can be implementedin hardware. The benefitsof a hardware implementationare
readily apparent;without thecostof translatingor compiling to native machinecode,the
Java bytecodecan be quickly and efficiently executed. The JVM can also benefitfrom
any hardwareoptimizationssuchascachingandfloating point hardwareunits. Sincethe
Java bytecodeis denserthantraditionalcompiledbinarycode,theJVM’s resourcescanbe
smallerandstill achieve the performancemarksof softwareJVM’s runningon machines
with largeamountsof resources[22].
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Insidethe PicoJava JVM implementationsimple instructionsareexecuteddirectly in
hardware,while moderatelycomplex instructions(like floatingpoint operations)aredone
in microcode.Complex instructionslike thecreationof a new objectareimplementedin
software. Threecachesareusedfor storing instructions,data,andthe top of a Java call
framestack.This lastcacheis a rolling circularcachethatallows valuesto dribbleinto and
out of thecachefrom andto memoryascall framesarepushedandpoppedontothestack.
Sincethecall framestacknow hasdirectaccessfardeeperthanmostJVM implementation
Java stacksdo, thereis no realneedfor anoperandstackfor scratchspace.Similarly, the
operationsthat loadvaluesinto theoperandstackandstorevaluesfrom theoperandstack
can be eliminatedby directly accessingthe appropriatelocation on the call frame stack
cache.This effectively folds instructionstogetherduring the instructiondecodestep. To
handlereferencesto objectsthatarenot residentin thestackcache,instructionswereadded
to theinstructionsetto referenceobjectsin memory[22, 25].

O’ConnorandTremblayreportthat loadsaccountfor morethan50%of bytecodein-
structionsexecuted,with storesaccountingfor roughly11%of bytecodeinstructions.The
instructionfolding performedby PicoJava eliminatesapproximately15% of the dynamic
instructioncount[25]. Chapter4 presentstheresultsof ourdistribution experiments.

2.4 Previous CacheResearch

Although thousandsof papershave beenwritten concerningcaching,this investigationis
particularlyinterestedin cachebenchmarksthathave beenusedin thepastandwith how
thesemeasurementshave beeninterpreted. Given that we look at specializedcachesin
Chapter6, two experimentalcachedesignsarecitedto giveanideaof thedesignoptimiza-
tionsthatcanbemadewhencachesserve specialpurposes.

2.4.1 Benchmarks

In astudyto experimentallyprovethespeedgainsof cachememories,RippsandMushinsky
look at the impactof internalandexternalcacheon the68020family of processors.They
begin by providing a methodologyfor testingcachespeed,including how to accountfor
compulsorycachemisses.As expected,thebestperformanceis achievedwhenboththeon
chip cache(instructions)andtheoff chip cacheareused[27]. Geeet al. demonstratethe
needto choosecachebenchmarkscarefullyby showing thattheSPEC92BenchmarkSuite
missrateis below thecachemissratefor typical multiprogramwork loads.They suggest
that the reasonthe SPEC92suitehasa lower thantypical missratio is dueto the lack of
operatingsystemcomponentsin thesuite’s tests.Operatingsystem(OS)codetendsnot to
loop andis not calledfrequentlyenoughto stayresidentin cache,effectively causingOS
codeto nearlyalwayssuffer theeffectof cold startmisses[11].



CHAPTER2. BACKGROUND 21

2.4.2 Cachesand OS

Torrellas,Xia, andDaigle look at why OS codefails to reapthe full benefitsof caching
and how OS codecan be rearrangedto benefitmore from caching. Even thoughmost
commonworkloadsmake frequentcallsto theunderlyingOS,thesesystemcallsareoften
written with long piecesof codethat can causeself-interferencewithin the cache. The
problemis compoundedby thefactthatsystemcallsarenotmadeoftenenoughto keepthe
relevantcodein thecache.Thus,callsto theOScausealargeportionof cachemisses.One
exampleof self-conflictingOS calls is the conflict betweenperforminga context switch
betweenthesystemandtheuser, andtheroutinesfor startingsystemcalls. Both areused
frequently, yet the startingof systemcalls causesa context switch to occur. Fortunately,
themostfrequentsystemcallsaretightly clusteredandfairly deterministic,containingfew
variationsin branching. This allows compileroptimizationsin the layout of OS codein
memoryby allowing commonsequencesto be groupedtogetherso that they canbenefit
from memorylocality [29].

2.4.3 Hybrid and AdaptiveCaches

A gooddealof researchhasbeendoneinvestigatingmoreexotic andflexible cachedesigns.
Fowler andVeenstraconsidertheimpactof hybridcachecoherency methodsin amultipro-
cessorsystem.A hybridcachehasthecapabilityof having someblocksusea write update
(write through)methodwhile otherblocks follow write invalidate(write back). The pa-
per comparesdifferentgranularitiesof hybridness:all lines comingfrom the samepage
in memorysharethesamewrite policy, eachline of cachecanhave a separatewrite pol-
icy, and the traditionalsinglewrite policy for the whole cache. While eachof theseare
decidedstaticallyat compiletime, theauthorsalsoconsiderthepossibilityof a cachethat
candynamicallyselectwhich write policy to usefor which line. Note that this is only a
theoreticalconsiderationof the possiblegainsfrom thesedifferentmethods;they arenot
testedin practice[10].

Hsu et. al. addressthe problemof a datacachenot effectively containingall of the
mostrecentlyusedblocksof memory. They claim that linesnot containingmostrecently
usedmemoryhave only about1% chanceof beingreusedbeforethey arereplaced.They
presenta group-associative cachethat trackswhich lines in thecachehave beenthemost
recentlyused.The trackingis doneusinga supplementarytable;cachelinesnot listed in
the tableareconsideredless-recentlyused. Whena conflict misscould displacea most
recentlyusedline, the hit is displacedinto oneof the lines that hasbeenlessfrequently
used. Thesedisplacedlines aretracked in anothersupplementarytable. Finally, the less
recentlyusedlines canalsobeused,to someextent,asa prefetchbuffer. A performance
comparisonis madewith conventionalcaching,column associative caching,and victim
buffer caching[14].
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2.5 Other RelatedResearch

Someresearchdating beforethe releaseof Java in 1995 directly addressesperformance
problemsfacing JVM’s. As of this writing, noneof this researchhasyet beenapplied
to speedingup Java programs.Oncethe languagematuressomemoreandimprovements
focusedon JVM implementationbecomelessdramatic,the Java communitywill likely
considerincorporatingsomeof this research.

2.5.1 GarbageCollection

NilsenandSchmidtinvestigatetheadvantagesanddisadvantagesof addingaspecialcache
onto thememorybus to handleautomaticallocationandfreeingof memory. Thefocusof
thestudywaswhetheror not garbagecollectioncouldbetightly boundsothat it couldbe
donein realtime. Thegarbagecollectionunit wasseparatedfrom theprocessorsothatthe
hardwarewasnot overly specialized(andthus,not too expensive). Thegarbagecollection
cacheconstantlymaintainsa freepool of openspace.Whenthatpool becomestoo small,
thenon-freepool is garbagecollected[24].

2.5.2 ExceptionHandling

The introductionof userdefinedexceptionshasled to a new programmingstyle in which
exceptionsareusedto controltheflow of anexecutingprogram.As Levy andThekkathex-
plain, however, theexceptionhandlingmechanismprovidedby operatingsystemsdoubles
asthe interrupthandler. Exceptionandinterrupthandlerswerenot designedto be called
frequently;handlingtheminvolvesenteringthekernelandexecutingsystemcode.Thecon-
sequentcontext switch is a hugeperformancehit. Levy andThekkathexplore the option
of hardwareandsoftwaresupportfor passingthe responsibilityof certainuserexceptions
from theOSto theuserprogram,therebyavoiding enteringsystemcode[19].

Javauserexceptionsareneverpassedto theOSkernelsincetheJVM actsastheOSfor
Javaprograms.As such,thepenaltyassociatedwith handlingexceptionsis notassevereas
it couldbe. Nonetheless,theability for theJVM to automaticallyforwardanexceptionto
thecorrecthandlercouldspeedup exceptionhandling.

2.5.3 StackCaching

Ertl recallsthat stackmachinesare frequentlyusedto implementinterpretersfor special
purposelanguages.He considersthebenefitsfrom cachingthe top of thestackin a stack
machinein registers. Specifically, two methodsof cachingare investigated. Statically
thecompilergeneratingthevirtual machinecanmapthestateof thestackmachineto the
registers. Transitionsaredefinedover a finite set of states;thesetransitionsmodify the
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cache,leaving it in a readystatefor the next stepof the interpreter. Alternatively, the
interpretercandynamicallymapits statesto theregistersat run time [9].

2.6 Conclusion

Java andthevirtual machinethat supportthe languagearestill relatively young. A lot of
work hasbeendoneto improve the performanceof JVM’s. Very little of this research,
however, hasconsideredthebenefitsof hardwaresupportfor theJavaruntimeenvironment.
If Java continuesto be popularas a developmenttool andas an internettool, hardware
componentsdesignedto supportJava might be justifiablewithin processors.Particularly
enticingarecomponentsto supportgarbagecollection in hardwareand to handleexcep-
tions. Both of thesetopics have beenexplored in previous research,but have yet to be
appliedto JVM’s [19, 24].

As mentionedabove, thousandsof papershave beenpublishedon thetopic of caching
andmemoryhierarchies.Dueto its design,Java treatsmemorylike a blackbox, allowing
JVM implementationsagreatdealof freedom.In exchangefor thisplatformindependence,
Java programsareunableto benefitfrom availablecachesupportandthe advancesmade
in cacheperformance.A JVM, however, couldhave accessto thosecachesandmight be
ableto take advantageof differentcacheformations.We will beconsideringwhatcaching
strategiescouldbebeneficialto Java performance.



Chapter 3

JVM Personality

“Sun MicrosystemsInc.’sJavatechnologyhas
undergonea remarkabletransformationin a mere

four years– frompromisingandsexy to useful
andboring.”

—Miguel Helft, June19991

riginally designedasa network-centricplatform, the Java Virtual Machinehasa
personalitydistinctlydifferentfrom thatof a registerbasedmachine.Thischapter
will look at someof the interestingqualitiesof the JVM with an eye towards

how thesedifferencesinfluencethe memoryaccesspatternsof a Java program. We will
concludewith ideasabouthow the JVM’s memorystructurecanbe exploited to improve
cachingperformance.Theseideaswill bepickedup againin Chapter6 whenwe consider
alternative cachingstrategiesfor Java programs.

3.1 Small Bytecode

Java classfiles arevery small and compactcomparedto traditional compiledprograms,
allowing themto bemoreeasilytransmittedacrossnetworksto run on client machines.A
HelloWorld Java classfile takesup 462bytesof space,comparedwith 3280bytesfor the
sameprogramwritten in C andcompiledto machinecode.2 Sincethe two programsdo
thesamework, they mustrequirethesameamountof data.Thereducedsizeof Java class
files is the resultof smallerinstructionsize,individual instructionsdoingmorework, and
the implicit understandingthat librarieswill bedynamicallyloaded.For HelloWorld, the
codethat performsthe actualprinting is not containedwithin the classfile; it lies within

1Quotedfromonlinenewsarticle:http://www0.mercurycenter.com/svtech/news/indepth/docs/java061499.htm
2Compiledusinggcc-2.95.1for FreeBSD4.

24
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System, a classfile which is assumedto be installedalongwith theJava Virtual Machine
implementation.

Thesmallaverageinstructionsizeof Javaprogramsis well documentedby McGhanand
O’Connor. As they pointout,Javabytecodesarefollowedby avariablenumberof bytesof
dataneededto executetheinstruction.Frequently, no extra bytesfollow thebytecode.On
average,thelengthof anexecutedinstructionis only 1.8byteslong [22].

Java instructionsoperateat a higher level of abstractionthan traditional RISC3 and
CISC4 instructions.For example,theJava instructionsetincludesinstructionsto allocate
memoryfor objectsandarrays,invoke virtual andstaticmethods,andcheckcastsat run-
time. This level of abstractionmeansthat theexecutionof eachinstructionrequiresmore
work to bedonethanfor RISCor CISCinstructions.Figure3.1shows thesourcecodefor
Foo, a simpleJava program.Figure3.2 givesthedisassembledJava bytecodefor Foo, as
well asa rough68000assemblylanguageimplementation.

public class Foo{
/**
* Pre: last > 0
* Post: returns sum of positive integers <= last
*/
public static int sum(int last){

int total = 0;
for(int i = 1; i <= last; i++){
total += i;

}
return total;

}

public static void main(String [] args){
int sum = Foo.sum(1000);

}
}

Figure3.1: Sourcecodefor Foo example.

The‘i’ prefix for Javaopcodesindicatesthattheoperationinvolvesintegervalues;such
opcodetypingmakesbytecodeverificationpossible.Thenumbersat thebeginningof each
line aretheoffsetsinto themethod’s instructionbytecodestream.For example,IADD in int

3Reducedinstructionsetarchitecture.
4Complex instructionsetarchitecture.
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Java Bytecode
int sum(int)
0 iconst0 ;; push0 ontoop. stack
1 istore1 ;; store0 from stackto total
2 iconst1 ;; push1 ontoop. stack
3 istore2 ;; 1 from op. stackinto i
4 goto14
7 iload 1 ;; pushtotal to stack
8 iload 2 ;; pushi to stack
9 iadd

10 istore1 ;; storeval. on stackto total
11 iinc 2 1 ;; i++
14 iload 2 ;; pushval. in i to op. stack
15 iload 0 ;; pushval. in lastto op. stack
16 if icmple7 ;; if i ¡= lastgotoinstr. byte7
19 iload 1 ;; pushval. in total to op. stack
20 ireturn

voidmain(java.lang.String[ ])
0 sipush1000;; push1000ontoop. stack
3 invokestatic#4 � Methodint sum(int)�
6 pop
7 return

68000Assembly
sum: link #-8,fp

clr.l #-4(fp)
move.l #1,-8(fp)

for: cmp.l -8(fp),8(fp)
blt end for
add.l#-8(fp),-4(fp)
add.l#1,i
brafor

end for: move.l #8(fp),d0
unlk fp
rts

main: link #-4,fp
move.l #1000,-(sp)
bsrsum
add.l#4,sp
move.l d0,-4(fp)
exit

Figure3.2: Java bytecodefor Foo anda possible68000assemblylanguagetranslation.Thenum-
bersatthebeginningof eachJavabytecodeline aretheoffsetsinto themethod’sinstructionbytecode
stream.
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sum(int)canbefoundat offset9. Eachopcodetakesup onebyte in theinstructionstream
andis usuallyfollowedby zeroto threebytesof operands.Many of theJavaopcodesshown
do not requirearguments.TheICONST * opcodes,for example,pushaconstantvalueonto
the operandstackwherethe constantvalueis the valueof the*. The integer add(IADD)
similarly takesthetoptwo valuesfrom theoperandstack,addsthem,andpushesthemback
ontothestack;nooffsetsor registersneedbespecifiedassourceanddestination.Also note
the high level featuresof Java directly mappedinto opcodes.The invocationof a static
methodis accomplishedby INVOKESTATIC #4.

The 68000assemblyversionincludesalmostexclusively instructionsrequiringargu-
ments.TheADD instructiontakesthe locationof the two operandsasarguments,with the
latteroperandalsoservingasthestoredestination.Eachof theseinstructionsis specified
by two byteswith thepotentialfor anadditionaltwo bytesof supplementaryoperanddata.

Ultimately, boththesmalleraverageinstructionsizeandthehigh level abstractionlevel
of instructionsskew thethetraditional75%instruction,25%datasplit of memoryaccesses.
As we’ll seein Chapter4, Java programsaccessmemoryfar morefrequentlyto fetchdata
thantraditionalprogramsdo. Keepingin mind that instructionaccesseshave a higherlo-
cality ratethandataaccesses,thisposesapotentialproblemto highcachehit rates.

3.2 Java Constants

All Java constantsfor a given classarestoredin the class’ constantpool. In Chapter2
we saw that the resolutionof instancevariablesandmethodsinvolves looking up theoff-
setwithin a constantpool. Consequently, improving constantpool memoryaccessescould
make a significantdifferencein performance.Moving constantmemoryaccessesto a sep-
aratecachehasthepotentialto reducecachepollution andto make constantaccessescon-
sistentlyfast.Sincethis datais only written to once(whenit is initialized), a specialwrite
oncecachecouldbeusedto cacheconstantpool accesses.Finally, a relatively smallcache
couldstoremost(if notall) of aclass’constantpool.

3.3 Stack Ar chitecture

Thestackarchitectureof theJVM specificationremovesany relianceontheunderlyingma-
chine’s registerconfiguration.This hastwo importantramificationswith respectto mem-
ory accessesmadeby Java programs.First, nearlyall datamanipulatedby a Java program
passesinto andout of operandstacks.Second,thetypical scratchspaceprovidedby regis-
tersto anexecutingprogramis unavailableto Java.
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3.3.1 The Operand Stack

Insteadof having operandsreadywaiting in registersbeforeperforminganALU operation,
theCPUneedsto take thenecessaryoperandsoff of anoperandstack.A simpleexample
serves to illustratehow pervasive an impact this differencemakes. To performa simple
integeradditionusingaRISCinstructionsetrequiresthefollowing steps:

1. Fetchingtheinstructionfrom memory. Theinstructioncontainsthesourceanddesti-
nationregisters.

2. Readingtheoperandsfrom thespecifiedsourceregisters.

3. Performingtheadditionandstoringthesumin thedestinationregister.

It is straightforward to seethat thereis a singlememoryaccessinvolved in executingsuch
an additionoperation. On currentRISC machines,readingthe instructionfrom memory
would requirereading4 bytes(or possibly8 bytes). For the JVM to executethe same
integeradditionrequiresthefollowing steps:

1. Fetchingtheinstructionfrom memory. After decodingtheinstructionasanaddition,
the JVM knows that there is no needto readany argumentsfrom the instruction
stream.

2. Poppingtheneededoperandsfromthetopof thestack,causingtwomemoryaccesses.

3. Performingtheadditionandpushingthesumontothestack,causinganothermemory
access.

In executingasingleadditionoperation,theJVM accessesmemoryoncefor theinstruction
(1 byteread)andthreetimesfor data(4 byteseachtime). A total of 13 bytesmustberead
from memory, ascomparedto 4 bytes.5 It is not immediatelyevident,however, how large
an impactthis increasein dataaccesseshason cachingperformance.Sincethe top of the
stackis frequentlytheaddressbeingaccessedin memory, thedataaccessesshouldhave a
higherdegreeof locality thanin a traditionalprogram.In Chapter6 we considerwhether
theincreasedlocality is worth theincreasednumberof dataaccesses.

5Attentive readerswill note that even thoughRISC add instructionsalways operateon registers,RISC
processorsstill needto loadthedataoperandsinto registersandstorethesumin memory(at somepoint). At
first glancethis might seemto reducetherelative memoryliability of Java’s stackarchitecture.In reality, the
loadsperformedby a RISC machinebestcorrespondto the memoryaccessesthe JVM makesto get values
from local variablesandparametersonto the stack. Similarly, saving the sumfrom the top of the stackto a
local variableor parametermirrorsa RISCstore.
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3.3.2 Lack of Registers

By now thelack of registeraccesspresentsanobviousperformanceproblem:thefastdata
storage providedby registers is not only unavailable, but replacedby memoryaccessesto
the top of the stack. Now both scratchspaceand memoryaccessesneedto be cached,
placing a greaterresponsibilityon the cache. As long as the cachecan cover most of
thememoryaccesses,therebyhiding memorylatency, a reasonabledegreeof performance
shouldstill beattainable.Chapter6 considersthemaskingeffectsof registersandhow they
actlike a level 0 cache.

3.4 Object Oriented Paradigm

Well-structuredJava programsfeaturemultitudesof small, layeredmethods.Sucha pro-
grammingstyle leadsto many moremethodinvocations.Sinceresolvinga methodinvo-
cation requiresreadingdatafrom a constantpool, a high numberof methodinvocations
contributesto ahighnumberof dataaccesses.

Looking at how a static methodinvocationexecutesis enlightening. First, the IN-
VOKESTATIC opcodeis readfrom the instructionstream;onceit is decoded,two argu-
mentsarereadfrom the instructionstreamto serve asan index into the constantpool of
the currentclass(threememoryaccesses).The indexed entry in the pool musthave the
tagCONSTANT Methodref(onememoryaccessto check).Assumingthis is not thefirst
invocation,the entry hasa pointer to the locationof the methodbytecode(onememory
access).6

In aneffort to hide implementationdetailsandto provide security, objectsin Java can
only be manipulatedthroughreferencesandnot throughpointers. Objectsarepassedby
referencein parameters,their methodsareaccessedthroughreferences,andso on. This
paradigmintroducesa level of indirectionwhenaccessingobjectfieldsandmethods,since
anobjectcannotbetreatedasavalue(like in C).

Finally, the treatmentof arraysasfull-fledgedobjectsintroducesfurther memoryac-
cesses.As we mentionedin Chapter2, the languagespecificationrequiresanArrayOut-
OfBoundsException to be thrown when an illegal array accessis made; therefore,the
lengthof thearrayneedsto becheckedon every access.This addsat leastonememoryhit
to every arrayaccess.

6If this is thefirst invocation,thentheclasscontainingthemethodneedsto beresolved. If thatclasshasnot
yetbeenloaded,theJVM triesto loadit.
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3.5 Conclusions

The combinationof small bytecodes,a morepowerful instructionset,andsupportfor an
object orientedprogrammingparadigmleadsto a much higher ratio of dataaccessesto
memoryaccessesin Javaprogramsthanin traditioncompiledprograms.Sincedataaccesses
typically have a much lower locality than instructionaccesses,this hasthe potential to
reducetheeffectivenessof caching.In Chapter5 we will examinetheperformanceof both
unifiedandHarvardcachesthatarecachingJava memoryaccesses.

Sinceclassfields,methods,andconstantsarelookedup in a class’constantpool, that
pool is accessedfrequentlyenoughto considercachingconstantpool datain a separate
cache.Similarly, cachingthetop of theoperandstack,anareawith extremelyhigh access
locality, couldhelpcompensatefor thehigherrateof dataaccessesin Java programs.Fi-
nally, thelack of registersto actasscratchspacecouldbepartially hiddenby usinga very
small,fastcacheto hold themostrecentlyuseddata.While this cachewould not have the
benefitsof registermappingperformedby acompiler, if thecachehadahighenoughdegree
of associativity it couldstill hold a smallworking setof recentaccesses.In Chapter6 we
will considerthepossiblebenefitsof addinga constantcache,a stackcache,anda register
cache,andcomparetheir performancewith moretraditionalcacheconfigurations.



Chapter 4

Monitoring and Profiling the JVM

erewewill examinetheprocessundertakento monitorthememoryaccesspatterns
of Japhar, an interpretedJVM. After first discussingwhy Japharwasselectedas
theJVM to monitor, we will look at thenatureof theinstrumentationinsertedinto
Japharto tracememoryaccesses.Thenwe will briefly describethe benchmarks

that were traced. The distributions of thesetraceswill be presentedin Section4.4. We
will concludeby touchingon the importanceof thedistribution of memoryaccesseswith
respectto caching.

4.1 Inter pretation vs. JIT

Japharis theHungryProgrammers’interpretedJVM. Theversionusedfor ourexperiments
is Japhar0.09, which supportsJDK 1.1.5. Although somefeaturesremainto be imple-
mented(suchassupportfor theAWT libraries),mostJava programswe’ve run on Japhar
have not exhibitedunexpectedbehavior. Theprojectaimsto provide anopensourceJVM
to beembeddedin proprietary/commercialapplications.Theopensourcenatureof Japhar
madeit aneasycandidatefor ourwork, sinceweneededto modify aJVM to acquiremem-
ory tracesof executingJava programs.

Althoughthefirst JVM’swereinterpreters,todaymostJVM’sarejust-in-timecompilers
(JIT’s). In the domainof portabledevices suchas cellular phonesand personaldigital
assistants(PDA’s),however, computingresourcesarestill very limited. Thesmallmemory
footprintof aninterpreteris anindispensablefeature.1 Nonetheless,thelargestandpossibly
mostimportantclassificationof JVM’s todayis theJIT JVM. This fact is underscoredby
thenumerousresearchprojectsconcernedwith improving JIT compilationperformance.

1At least, that is, until hardware implementationsof the Java Virtual Machine specificationbecome
widespreadenoughto bea smalladd-onchip.

31
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GiventhatJIT JVM’s dominatethemarket today, it is importantto addresswhy thein-
strumentationandexaminationof aninterpreteris worthwhile.Thefeatureof aninterpreter
thatmakesit anunviableJava platformin mostdomains,its simplicity, makesit anattrac-
tive JVM to work with wheninvestigatingthe behavior of Java programs.An interpreter
is nothingmorethana loop that fetchesthe next Java bytecode,decodesit, andexecutes
it. Theexecutionof theJava programis isolated,without thecomplicationsof compiling
Java bytecodeto native machinecodein thebackground.Thedifficulty of determiningif
compilednative codeexists andhow to executeit insteadof the bytecodeis a non-issue
with interpreters.Sincethis is thefirst investigationinto thememoryaccessingcharacterof
Javaprograms,it is reasonableto limit thescopeandcomplexity of theproblemby working
with aninterpreter.

Limiting theinvestigationto theperformanceof Javaprogramsmakestheresultsappli-
cableto Javanativeplatforms.HardwareJVM’sdonotincurany of theoverheadassociated
with simulatingaprogramtranslator. As thePDA market expandstherewill likely beade-
mandfor hardwareJVM’s.

Ultimately it is importantto bearin mind that the memoryprofile of Java programs
is largely blind to theimplementationof theunderlyingJVM. Whetherthevirtual machine
usesJIT compilation,adaptivecompilation,interpretation,or is ahardwareimplementation,
anexecutingJava programwill still bedesignedto run on a stack-basedarchitecture.The
programwill still needto make all of thememoryaccessesassociatedwith theretrieval of
data.

Onecould arguethat a non-interpreted,non-hardwareJVM hasno needto fetch Java
bytecodesfrom memory;hence,theinclusionof instructionaccessesto memoryseparates
our resultsfrom thebehavior of JIT JVM’sandadaptivecompilationJVM’s. This is at least
partially true;however, it is not clearthatJIT andadaptive JVM’s arewholly exemptfrom
theprocessof fetchinginstructionsthatareto be“translated.” A JIT JVM interpretsJava
bytecodewhile it compilesthatsamebytecodein thebackground.Oncethebytecodehas
beencompiled,theJVM still hastheoverheadof locatingthecompiledcodewhereit has
beensaved in memory. The quantityof memoryaccessedto fetch theseinstructionsmay
differ from that accessedto fetch the Java bytecode;nonetheless,the JVM still needsto
lookup the locationof the compiledinstructionsin muchthe sameway that it looked up
thebytecodes.While thecompiledcodeis fetchedby theunderlyingCPUasinstructions
andthebytecodeis fetchedasif it wasdataby theCPU,bothmodesof operationrequire
memoryaccessesto retrieve instructions.A similar argumentcanbemadefor JVM’s that
useadaptive compilation.

Gaininganunderstandingof how interpretedJava programsusememoryis important.
By limiting our scopeto the accessesmadeon behalf of the Java program,and not the
supportingJVM, we lose someof the memoryprofile of the whole JVM/Java program
system.In exchange,the resultsareapplicableto Java programsrunningon any JVM. In
particular, they areimmediatelyrelevanttohardwareJVM’snatively runningJavabytecode.
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4.2 Instrumentation

In instrumentingJapharwe locatedthe interpretationloop andfollowed thevariouspaths
of executiontaken to translatethe differentJava bytecodes.Whenthe bytecodewasfirst
fetchedfrom memorythe opcodewas loggedto an instructionlog, tracing the order of
instructionstranslated.Thedistribution of theseinstructionsis discussedin Section4.2.3.

It shouldbenotedthatnotall of thememoryaccessesmadeby Japharwerelogged.The
intent wasto capturethe memoryaccessesmadeon behalfof an executingJava program
asif theprogramwererunningon a CPUnatively executingJava bytecode.Thememory
accessesmadeby Japharaspart of the JVM framework wereignored. Most notably, the
pushingandpoppingof methodframesoff of a thread’s methodinvocationstackwerenot
logged.

Eachtime memorywasaccessedaspartof theexecutionof anopcode,theaccesswas
loggedto a tracefile that served asinput to a cachesimulator(seeChapter5). For each
access,theaddressin memoryhit wasrecordedalongwith a bit flag sequenceclassifying
theaccess.Bits wereusedto markanaccessasareador write, andasaninstructionor data
access.Dataaccesseswerealsomarked asbeingmadeinto theoperandstackor into the
constantpoolwhereappropriate.

Additionally, the opcodethat causedthe accesswas logged. The high level nature
of Java opcodes(seeChapter3) resultsin multiple memoryaccessesduring the opcode
execution.For example,theintegeraddopcode(IADD) generatesfour memoryaccesses:

1. Theinitial accessto thebytecodestreamto fetchtheIADD opcode,

2. An accessto thetopof the(current)operandstackto retrieve thefirst operandfor the
instruction,

3. A secondaccessto thetopof theoperandstackto retrieve thesecondoperand,and

4. An accessto thetopof theoperandstackto save thesum.

Memoryaccesseswereoccasionallymadein instrumentedcodebeforetheexecutionof the
Java programstarted.TheseJVM initialization accessesmight resultfrom the loadingof
compiledclassfiles andshouldbeincludedin thememoryprofile of Java program.Since
no opcodecanbeassignedto theseaccesses,they wereassignedto NOP(which wasnever
actuallyusedasanopcodeduringbenchmarks’executions).

It is worth notingthat thevaluesusedin thesememoryaccesseswerenot logged.Our
cachesimulatoris only concernedwith how successfula given cachestructureis at cap-
turing the currentworking setof memoryaddresses—itdoesnot attemptto recreatethe
executionof a Java program.Ignoringthedatavalues,we reducethesizeof our tracefiles
without losingany informationthatinfluencescacheperformance.
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4.2.1 Virtual Addresses

The addressesbeing tracedare the virtual memoryaddressesof Japhar. In reality, most
cachesdealwith physicalmemoryaddressesthathave alreadybeentranslatedfrom virtual
addressesby the operatingsystem. This doesnot have an impacton cacheperformance
evaluationaslong asall of the addressessentto the cachearevirtual addressesfrom the
samevirtual addressspace. By ignoring physicalmemoryaddressesand issuesof page
faults,we arefreedfrom the taskof invalidating lines of the cachethat context switches
would necessitate.The endresult is a simplercachesimulatorthat still accomplishesthe
monitoring taskswe desire. The cachesimulatorwill be discussedin greaterdetail in
Chapter5.

4.2.2 Maximum TraceSize

Most of thebenchmarksaccessedmemorymillions of times. After 116,508,000memory
accesses(justunderonegigabyteof data),our instrumentationcodestopsloggingaccesses.
Theopcodeloggingterminatesatthesametimesothatthenumberof opcodesexecutedcan
becomparedwith thenumberof memoryaccessesmadeduringtheir execution.Thenum-
berof unloggedmemoryaccessesis recordedsothatanideaof how muchof thebenchmark
programexecutedbeforethe accesscapwasreached(seeTableB.1 for thesenumbers).
Thetracefilesaresufficiently largeto provideagoodideaof thememorycharacterof each
benchmark,despitenot recordingall of theaccessesmadeduringexecution.They arelong
enoughto ensurethatcacheperformanceis testedagainstsequencesof accessesthatdonot
causemostlycompulsorymisses.If thesequencesweretoo short,simulatedcacheswould
have performancessuffering from disproportionatelyhigh numbersof compulsorymisses.

4.2.3 BytecodeDistrib utions

In our overview of recentresearchsurroundingJava Virtual Machinesin Chapter2 we
includedwork by O’ConnorandTremblayon the PicoJava JVM. They give distributions
of opcodesrecordedduring executionof javac and a raytracingprogram[25]. The op-
codetracefiles we recordedweretabulatedinto thesameclassificationsasthoseusedby
O’ConnorandTremblay, to verify theresultsthey reported.2 Thecompletebreakdown of
opcodeclassificationsis givenin AppendixB.

Thenumbersshown in Table4.1 differ slightly from theaveragesgiven by O’Connor
and Tremblay. Their numbersare basedon the javac and raytrace benchmarks,while
oursaredrawn from monitoringtheSPECJVM98 benchmarksuite(excludingcheck and
checkit) andthe linpack benchmark.While we did not tracethesameraytrace benchmark,

2SinceO’ConnorandTremblaydo not list thebreakdown of their categories,we madeaneducatedguess
asto whatopcodesfell into eachcategory.



CHAPTER4. MONITORINGAND PROFILING THE JVM 35

AverageOpcodeDistributions

Type Average
LVAR LOAD 32.98%
LVAR STORE 6.58%
MEM LOAD 15.59%
MEM STORE 4.79%
COMPUTE 10.67%
BRANCH 9.06%
CALL RET 6.08%
PUSHCONST 9.51%
MISC STACK 4.09%
NEW OBJ 0.25%
OTHER 0.42%

Type Average
LVAR LOAD 34.5%
LVAR STORE 7.0%
MEM LOAD 20.2%
MEM STORE 4.0%
COMPUTE 9.2%
BRANCH 7.9%
CALL RET 7.3%
PUSHCONST 6.8%
MISC STACK 2.1%
NEW OBJ 0.4%
OTHER 0.6%

Table4.1: Thetableon the left shows theaverageof opcodedistributionsfor compress, db, jack,
javac, jess, mpegaudio, mtrt, and linpack. The table on the right reprint the resultsreportedby
O’ConnorandTremblayin [25] obtainedby runningjavac andraytrace.

Java OpcodeDistributions #1

Type Empty compress db
LVAR LOAD 104,888 35.71% 5,210,769 31.38% 8,716,464 42.55%
LVAR STORE 32,439 11.04% 1,483,183 8.93% 1,357,670 6.63%
MEM LOAD 41,849 14.25% 3,019,219 18.18% 2,067,214 10.10%
MEM STORE 10,914 3.72% 769,032 4.63% 746,393 3.64%
COMPUTE 23,527 8.01% 2,015,318 12.14% 1,658,068 8.10%
BRANCH 31,261 10.64% 1,056,936 6.37% 3,056,178 14.92%
CALL RET 19,272 6.56% 741,399 4.47% 477,526 2.33%
PUSHCONST 25,371 8.64% 1,370,877 8.27% 1,955,483 9.55%
MISC STACK 1,509 0.51% 931,089 5.61% 197,172 0.96%
NEW OBJ 1,351 0.46% 3,239 0.02% 133,399 0.65%
OTHER 1,334 0.45% 3,373 0.02% 120,070 0.59%

TOTAL 293,715 16,604,434 20,485,637

Table4.2: Java opcodedistributions.
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Java OpcodeDistributions #2

Type jess mpegaudio jack
LVAR LOAD 5,619,818 37.85% 5,945,503 33.27% 3,763,667 26.25%
LVAR STORE 1,054,238 7.10% 1,488,636 8.33% 306,664 2.14%
MEM LOAD 2,703,206 18.21% 3,532,706 19.77% 2,996,309 20.89%
MEM STORE 247,678 1.67% 594,547 3.33% 1,429,723 9.97%
COMPUTE 341,615 2.30% 2,684,887 15.03% 790,945 5.52%
BRANCH 1,947,029 13.11% 734,579 4.11% 1,634,844 11.40%
CALL RET 1,671,152 11.26% 351,649 1.97% 409,709 2.86%
PUSHCONST 936,114 6.31% 2,306,763 12.91% 915,590 6.38%
MISC STACK 93,490 0.63% 206,959 1.16% 2,008,609 14.01%
NEW OBJ 45,581 0.31% 5,269 0.03% 31,339 0.22%
OTHER 186,544 1.26% 16,422 0.10% 52,473 0.37%

TOTAL 14,846,465 17,867,920 14,339,872

Table4.3: Javaopcodedistributions(continued).

Java OpcodeDistributions #3

Type mtrt linpack javac
LVAR LOAD 4,892,076 33.21% 4,737,260 27.12% 2,803,876 32.17%
LVAR STORE 1,082,567 7.35% 997,029 5.71% 561,458 6.44%
MEM LOAD 2,010,082 13.65% 1,005,675 5.76% 1,583,739 18.17%
MEM STORE 757,661 5.14% 589,206 3.38% 569,968 6.54%
COMPUTE 1,093,320 7.42% 5,035,349 28.85% 524,843 6.02%
BRANCH 1,558,830 10.58% 417,951 2.39% 836,456 9.60%
CALL RET 1,579,581 10.72% 1,175,859 6.74% 723,767 8.30%
PUSHCONST 812,205 5.51% 3,495,494 20.03% 618,107 7.09%
MISC STACK 847,844 5.76% 1,511 0.01% 396,256 4.55%
NEW OBJ 71,690 0.49% 1,357 0.01% 25,429 0.29%
OTHER 22,690 0.15% 1,334 0.01% 72,605 0.83%

TOTAL 14,728,546 17,453,525 8,716,495

Table4.4: Javaopcodedistributions(continued).
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themtrt benchmarkis a ray tracingbenchmark.As Tables4.2 through4.4show, thereis a
fair dealof variationamongstthebenchmarksin thefrequency of thedifferentcategories.
The slight differencesbetweenour resultsand thoseof O’ConnorandTremblayare the
consequenceof usingdifferentbenchmarks.

Kazi et al. [17] reportopcodedistributionsacrosssimilar categoriesfor LinPack,Caf-
feineMark,Dhrystone,JMark2.0,andJavaWorld. They have separateddataconversions
from computationopcodesandcomparisonsfrom branchopcodes.Theaverageof thedif-
ferentbenchmarksroughlycorrespondsto theresultsgiven in Table4.1. Thenumbersfor
our linpack differ in several placesfrom theirs. Changinglinpack to run asan application
insteadof anappletmight have causedsomeof thisdifference.

4.3 Benchmarks

Weusedanumberof benchmarksto generateopcodeandmemorytracefiles. Eachbench-
mark is briefly examinedbelow. Additionally, an emptyJava programwastracedto act
as a yardstickfor measuringthe amountof overheaddue to JVM startupandshutdown
costs.Thedatafor this programappearsundertheEmpty heading.Thesenumbersarenot
includedin any averages,sinceEmpty is notoneof ourbenchmarks.

4.3.1 Linpack

Linpack is a benchmarkthat performsmatrix operationson 500 x 500 matrices. Conse-
quently, ahugenumberof memoryaccessesaremadeduringtheexecutionof theprogram.
Theversionwe ranwasmodifiedto run asanapplicationfrom thecommandline instead
of runningasan appletin a web browser. The particularinterestwith this benchmarkis
theheavy useof arrays,bothuni-dimensionalandmulti-dimensional,the largeamountof
computationthat is performed,andthehigh concentrationof constantpushesto thetop of
operandstacks.

4.3.2 SPECJVM98

This is a benchmarksuitedevelopedby SPECfor comparingperformanceof JVM’s. Our
purposein usingthissuitewasnot to beableto compareJapharto otherJVM’s,but to look
at the memoryprofile of well-known andacceptedbenchmarks.Sinceour purposewas
only to gatherdataandnot submittheresults,we ranthebenchmarksasapplicationsfrom
a commandline. Several of the benchmarksdid not run to completion,dueto problems
originatingin the incompleteimplementationof Japhar. However, all of the benchmarks
thatdid not finish loggedthemaximumnumberof memoryaccessesbeforedying; there-
fore, the only information lost is a rough ideaof what percentageof the benchmarkhad
finished.
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Eachbenchmarkin thesuiteis briefly describedbelow. For thebenchmarksthatfailed
to finish,abrief reasonfor thefailureis forwardedwherepossible.

check

Thebenchmarkverifiesthat theexecutingJVM suppliescertainlanguagefeaturessuchas
virtual andstaticmethodinvocation,bit andarithmeticoperations,accessprotectionfor
fieldsandmethods,andarrayindexing beyondits bounds.Japharprematurelyfinishedexe-
cutiondueto anunexpectedIndexOutOfBoundsException thatwasgeneratedwithin the
methodSystem.arraycopy(). Otherthanillustratinganimplementationerrorfor Japhar,
thebenchmarkis notnoteworthy(andis thereforenot includedin any averageswepresent).

compress

This is a port to Java of the 129.compress benchmarkfrom CPU95. It runsa modified
Lempel-Ziv (LZW) compressionmethodon datareadfrom files. Amongthechanges,the
programno longer takes input from stdin andoutputsto stdout; instead,both input and
outputdealwith memory. This causesa large numberof memoryaccessesto be made—
8 � 77 � 108.

db

Thebenchmarkloadsa databasefrom a file into memoryandperformsa numberof addi-
tions,deletions,search,andsortoperationson thedatabase.Simulatingthecacheperfor-
mancefor thisbenchmarkgivesanideafor how well thedatabase’s organizationdealswith
therandomaccessof its information.

jack

Jack is a Java parsergeneratorthat takes a grammaras input andproducesa parserfor
thegrammar. The input in thebenchmarkis thegrammarfor jack itself, which is usedto
generatea treemultiple times.

javac

Thejavac benchmarkteststheJavacompilerfrom JDK 1.0.2.SinceJapharis notbackwards
compatiblebeforeJDK 1.1, thebenchmarkdid not finish. As a sidenote,Japharhasnot
hadproblemsrunningaJDK 1.1or higherjavac program.
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jess

Jess is anexpertshellsystemthattakesa factlist andappliesgivenif-thenrulesto themto
solve logic puzzles.On eachiterationof solvingthepuzzlesextra non-applicablerulesare
addedto theruleset,increasingthesizeof thesearchspace.jess understandsaspecialrules-
languageborrowedfrom Nasa’sCLIPSprogram;assuch,jess is basicallyaninterpreterfor
this language.Thelanguageitself is list-orientedandis syntacticallyandsemanticallyvery
LISP-like. Japharexecutedmostof thebenchmarkbeforeabnormallyquittingwith a “f atal
signalhandlercalled,signal= 11” message.

mpegaudio

Mpegaudio decompressesISO MPEGLayer-3 audioencodedfiles. About 4 MB of audio
datamakesup theworkload. This benchmarkmakesnearlyasmany memoryaccessesas
thecompress benchmarkwhile performinga relatively highamountof computation.

mtrt

This is a raytracerprogramthatworkson a scenecontaininga dinosaur. Two threadseach
renderthescene.Thebenchmarkfeaturesa lot of CALL RET instructions.Japharstalled
anddid not finish execution,possiblydueto aproblemwith threadswitching.

4.4 Distrib utions of Memory Accesses

While thedistributionandfrequency of Javaopcodesgivesaninsightinto whatinstructions
aremostfrequentlyexecuted,thisdataalonefails to completelyillustratewhatinstructions
dominatethe executiontime of a Java program. Accessesto memoryis a well-known
performancebottleneck.As such,thememoryprofile of Java opcodesgivesa truerpicture
of how muchtime theJVM spendsexecutinga givenopcode;this time canbe thoughtof
asacritical portionof theperformanceof theexecutingJava program.

We will look at the memoryaccessesloggedduring the executionof the benchmarks
describedabove in two lights. First, we will look at how memoryaccessesaredistributed
acrossthe opcodecategoriesusedin Section4.2.3. Second,we will look at memoryac-
cessesin thebroadercategoriesof datahits vs. instructionhits andstackvs. constantpool
vs. randomaccessdatahits.

4.4.1 Memory AccessDistrib ution by OpcodeClassifications

Although a Java programmight spend10.67%of its time performingcomputation,only
7% of its memoryaccessesaremadeon behalfof COMPUTEopcodes.Certainopcodes
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mtrt: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 4,892,076 33.21% 32.98% 15,831,006 13.59% 15.28% 3.25
LVAR STORE 1,082,567 7.35% 6.58% 5,310,223 4.56% 7.52% 4.78
MEM LOAD 2,010,082 13.65% 15.59% 32,360,418 27.78% 31.50% 16.58
MEM STORE 757,661 5.14% 4.79% 11,808,401 10.14% 9.75% 14.86
COMPUTE 1,093,320 7.42% 10.67% 4,120,879 3.54% 7.00% 3.78
BRANCH 1,558,830 10.58% 9.06% 14,443,162 12.40% 11.26% 4.41
CALL RET 1,579,581 10.72% 6.08% 24,935,980 21.40% 12.37% 22.19
PUSHCONST 812,205 5.51% 9.51% 2,433,604 2.09% 4.48% 6.08
MISC STACK 847,844 5.76% 4.09% 3,317,765 2.85% 2.17% 2.71
NEW OBJ 71,690 0.49% 0.25% 1,743,497 1.50% 1.16% 75.89
OTHER 22,690 0.15% 0.42% 203,065 0.17% 0.51% 39.88

TOTAL 14,728,546 2,320,137 7.90

Table4.5: Opcodeandmemoryaccessdistributionsfor themtrt benchmark,classifiedby opcode
types.

requiremorememoryaccessesthanothers.Consider, for example,thedistributionsfor the
mtrt benchmarkshown in Table4.5 (the samedatafor the restof the benchmarkscanbe
foundin AppendixB).

The opcodedistribution columncontainsthe valuesfrom Section4.2.3,with the ad-
dition of anaveragepercent.This percentis theaverageof the frequency percentagesfor
all of thebenchmarks.Next, thememoryaccessdistribution columntallies the frequency
of memoryaccesses,classifiedby whatopcodetypecausedthem. As before,a frequency
percentageis given; hereit measuresthe frequency of a category againstthe total num-
ber of memoryaccesseslogged. The averagepercent,again,is the meanof the memory
frequency percentfor all of thebenchmarks.It is immediatelyobvious that thereis a dis-
crepancy betweenhow frequentlya given opcodeis executedandfor what portion of the
memoryaccessesit is responsible.For example,COMPUTEopcodesoccur7.42%of the
time in mtrt but only accountfor 3.54%of the memoryaccessesmadeby mtrt. In con-
trast,CALL RETopcodescomprise10.72%of theexecutedJava instructionsandmakeup
21.40%of all thememoryaccessesmadeduring the loggedperiod. Clearly, CALL RET
opcodesare far more expensive in termsof memoryrequirementsthan COMPUTE op-
codes.If memoryaccesstime dominatesthe performanceof an executingprogram,then
CALL RET instructionscouldaccountfor asmuchas1� 5 of thetotal runningtime of the
program.

Ideally, this discrepancy would not exist. If the frequency of an opcodeequaledthe
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memoryaccessfrequency, thenthe time spentaccessingmemoryon thebehalfof a given
instructiontype would be proportionalto the time the JVM spentexecutingthat type of
instruction. Having eachinstructionspendthe sameamountof time accessingmemory
would also bring the time to fetch/decode/executedifferent instructionscloser. Tighter
boundson instructionexecutionallows for easierinstructionpipelining.

Thelastcolumnin TableB.11providesaneasywayto comparethedifferentcategories
of instructions. A category whose(memoryaccesses)/(opcodecount) is greaterthanthe
averageof the total numberof memoryaccessesover the total numberof opcodesexe-
cutedmakes a higherproportionof memoryrequeststhan the averageper opcode. The
MEM LOAD, MEM STORE,CALL RET, andNEW OBJ all make relatively high num-
bersof memoryaccesses.BRANCH andOTHER areboth closeto the averagenumber
of memoryaccessesperopcode(for this benchmark),indicatingthat thetime spentfetch-
ing memoryfor themis roughly proportionalto the time spentexecutingthosekinds of
opcodes.The remainderof thecategoriesfall below the averageanduserelatively fewer
memoryaccessesthantheaverage.

AverageMemory Distributions, by Opcodes

Type AverageFreqency AverageMops Mops w/o javac
LVAR LOAD 15.28% 3.37 3.41
LVAR STORE 7.52% 4.96 5.04
MEM LOAD 31.50% 15.56 15.43
MEM STORE 9.75% 15.89 15.78
COMPUTE 7.00% 4.19 4.23
BRANCH 11.26% 12.04 5.18
CALL RET 12.37% 16.14 16.09
PUSHCONST 4.48% 3.05 3.06
MISC STACK 2.17% 3.85 3.81
NEW OBJ 1.16% 55.52 56.04
OTHER 0.51% 14.58 15.32

Overall Average: 7.45 Without javac: 7.01

Table4.6: Averagesof memoryaccessdistributionsby opcodecategory. The mopscolumnlists
theaveragenumberof memoryaccessesperopcodeexecuted.Sincejavac hasanabnormallyhigh
BRANCH mops,theaveragemopswithout javac aregivenin theright mostcolumn.

Table 4.6 lists the averagefrequency of memory accessesacrossall of the bench-
marks,categorizedby opcodes.Theaveragememoryoperationsperopcodearealsolisted.
ComparingTableB.11 to Table4.6, we seethat the mtrt benchmarkhasmoreexpensive
BRANCH instructionsthanthemajorityof thebenchmarks.WealsoseethattheNEW OBJ
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andOTHERcategoriesaremuchmoreexpensive onaveragethanfor mtrt. Thesetwo cate-
gories,however, show a lot of variationamongstthedifferentbenchmarks.TheNEW OBJ
category rangesfrom 24.32mopsfor mtrt to 113.63mopsfor linpack. In general,themore
NEW OBJopcodesexecuted,the lessastronomicaltheNEW OBJmops.This alsoholds
for theOTHERcategory.

Figure 4.1 summarizesthe discrepancy betweenopcodefrequency distributions and
memoryaccessdistributionsfor theaverageacrossthebenchmarks.

Average Opcode Freqency Compared to 
Average Memory Access Distribution
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Figure4.1: Comparisonof averageopcodeandaveragememoryaccessdistributions,classifiedby
opcodecategories.

4.4.2 Memory AccessDistrib ution by AccessType

The memoryaccessprofile of a Java programin termsof opcodecategoriesrevealsa lot
of informationaboutwhichopcodesarepotentialperformancebottleneckswhenaccessing
memoryis slow. Anotherwayto classifyamemoryprofileis in termsof whatkind of access
is beingmade.Traditionally, instructionfetchesanddataretrievalsweretheonly categories
of memoryaccesses.Table4.7 categorizesmemoryaccessesfor eachbenchmarkin this
way.
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Memory Accessesby Type

Benchmark Instruction Freq. Data Freq.

compress 28,472,120 24.44% 88,035,880 75.56%
db 38,885,226 33.38% 77,622,774 66.62%
Empty 537,003 23.15% 1,783,134 76.85%
jack 26,186,046 22.48% 90,321,954 77.52%
javac 62,744,599 53.85% 53,763,401 46.15%
jess 27,949,441 23.99% 88,558,559 76.01%
linpack 26,760,965 22.97% 89,747,035 77.03%
mpegaudio 29,151,192 25.02% 87,356,808 77.03%
mtrt 34,860,703 29.92% 81,647,297 70.08%
Average 34,376,286.5 29.51% 82,131,713.5 70.49%

Table4.7: Classificationof memoryaccessesby accesstype. Theaveragesdo not includeEmpty
frequencies.

The 75/25 instruction/datarule of thumbthat describesthe proportionof instruction
accessesto dataaccessesfor traditional compiledprogramsclearly doesnot hold here.
Rather, theratio canbedescribedby the30/70JavaMemoryRule:

30/70JavaMemoryRule:Whereastraditionalcompiledprogramsdemonstrate
a75/25instructionto datamemoryaccessratio,Java programsfollow a 30/70
instructionto datamemoryaccessratio.

The javac benchmarkis the exceptionto this distribution split, making53.85%of its
accessesto fetchinstructions.This is particularlyoddgiventhat javac executedthefewest
opcodesbeforereachingthe memoryaccesscap (seeTable 4.4). A closeinspectionof
the memoryaccessesmadeby javac shows that 40.63%of the accesseswerecausedby
LOOKUPSWITCHopcodes(whichcomprisedonly 2.03%of theopcodesexecutedduring
theloggedperiod).Thisopcodeis followedby avariablenumberof bytesin theinstruction
stream;theseform the lookup table. Thesebytesform match-offset pairs. Executionof a
LOOKUPSWITCHopcodepopsanint off of theoperandstackandlocatesthematchin
the match-pairslist. Thecorrespondingoffset is usedto branchto thenext instructionto
execute[20]. It would seemthat the javac benchmarkcontainsa numberof large switch-
casestatements,causingJapharto run througha large segmentof the instructionstream
looking for the correctmatcheachtime the LOOKUPSWITCH opcodeappears.3 As a

3As Lindholm andYellin point out [20], a JVM doesnot needto performa linearsearchthroughthebytes
following aLOOKUPSWITCHopcode.A binarysearch,for example,couldbeusedinstead.Japharapparently
doesusea linearsearch,however.
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result, javac causesanabnormallyhigh numberof instructionfetchesdespitethe reduced
numberof opcodesexecuted.

We canfurthercategorizethedataaccessesaccordingto whetherthey occurredon the
stack,in theconstantpool, or in genericmemory. Table4.8 lists sucha breakdown of the
memoryaccessesmadeby eachbenchmark.All of thebenchmarksexcluding javac (whose
datapercentageswill beskewedasa resultof moreinstructionaccesses)andlinpack made
19-26%of theirmemoryaccessesto thestack.This largeaportionof stackaccessesimplies
thatevendataaccessesshouldhave agooddealof locality.

Data Memory Accessesby Subtype

Benchmark Stack Freq. ConstantPool Freq. Other Data Freq.

compress 27,227,692 23.37% 10,656,013 9.15% 50,152,175 43.05%
db 30,109,795 25.84% 3,184,626 2.73% 44,335,353 38.05%
Empty 413,552 17.82% 225,564 9.72% 1,144,018 49.31%
jack 27,347,928 23.47% 12,257,486 10.52% 50,716,540 43.53%
javac 13,415,491 11.51% 7,620,881 6.54% 32,727,029 28.09%
jess 21,699,875 18.63% 11,190,534 9.60% 55,668,150 47.78%
linpack 45,909,465 39.40% 8,709,517 7.48% 35,128,053 30.15%
mpegaudio 30,299,903 26.01% 6,290,418 5.40% 50,766,485 43.57%
mtrt 22,410,799 19.24% 9,743,546 8.36% 49,492,952 42.48%
Average 27,301,743.5 23.43% 8,706,627.625 7.47% 46,123,342.125 39.59%

Table4.8: Percentageof total memoryaccesses,by datasubtype. The averagesdo not include
Empty datapoints.

Thelinpack benchmarkmademorememoryaccessesto thetopof thestackthangeneric
memoryaccesses.This is probablya consequenceof theheavy useof arraysin thebench-
mark, sincethe array opcodesoften pushor pop an object referenceoff of the operand
stack.TheARRAYLENGTH opcode,for example,popsanarrayreferenceoff of thestack,
determinesthelengthof thearray(accessinggenericmemory),andpushesthelengthback
ontothestackasanint [20]. Thehighconcentrationof PUSHCONSTopcodesalsocon-
tributesto the large numberof stackaccessessinceall of theseopcodespushvaluesonto
operandstacks.

Theconstantpool accessesalsoform a sizeableportionof thememoryaccessesfor all
of thebenchmarksexceptingdb, makingup5.4-10.52%of all memoryaccesses.Returning
to Table4.2,wefind thatthedb benchmarkhasaveryhighproportionof LVAR LOAD op-
codes,with relatively few PUSHCONSTopcodes.Thisdifferenceis probablyadifference
in programmingstyle,showing apreferencefor usinglocal variablesover usingconstants.
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It is worth noting that despitethe significantportionsof dataaccessesthat arestack
or constantaccesses,all of the benchmarksstill have large numbersof dataaccessesto
genericmemory. Locality for thesedataaccesseswill bemuchlower thanthe locality for
instructionaccesses,asit is for traditionalprograms.Theseaccesseswill alsopolluteany
cachethey sharewith stackandconstantpoolaccesses.

4.5 Conclusions

Whenmemoryaccessesarecategorizedby the type of opcodethat causedthem,we find
executedopcodesdo not have a proportionateamountof memoryaccessesmadeon their
behalf. In particular, MEM LOAD, MEM STORE,CALL RET, andNEW OBJopcodes
accountfor morethantheir shareof memoryaccesses.

In addition,far morememoryaccessesretrieve or write datathanthosethat fetch in-
structions.This is acompleteinversionof thememoryprofileof a traditionalcompiledlan-
guagelike C or FORTRAN, where75%of thememoryaccessesfetch instructions.Given
that dataaccesseshave a lower rateof locality thaninstructionaccesses,this distribution
leadsto a lowerhit ratefor bothunifiedandsplit caches.Justhow muchof adifferencethis
makeswill bethetopicof Chapter5.

At thesametime, theJVM hasan innersubdivision in how it treatsmemory. Generic
memoryresidesin theheap,while othermemoryaccessesuseanoperandstackor a con-
stantpool. Both stackandconstantpool accessesform a sizeableportion of all memory
accesses.Sinceaccessesto a stackalwaysusethetop of thestack,theseaccesseshave an
extremelyhigh locality. Similarly, the numberof constantsusedin a programis usually
small enoughthat taken all togetherthey would have a high degreeof locality. Unfortu-
nately, theseaccessesareintermixed with dataaccessesto the heap,potentiallyreducing
theeffectivenessof stackandconstantlocality. On theotherhand,datalocality in general
is certainlyimprovedby their presence.This slightly improved locality helpsto offset the
increasein dataaccesses,reducingtheperformancehit of not making75%of accessesto
fetchinstructions.Theextentof theseinteractionswill beexaminedin Chapter6.



Chapter 5

CacheSimulation

t the endof Chapter2 we touchedon the fact that executingJava programsview
memoryasa black box. This abstractionfreesJava programsfrom any particular
computerarchitecture.As wealsomentionedin Chapter2,however, thepresenceor

absenceof a cachehierarchyis hiddenfrom all userprograms(Java or otherwise).Caches
are transparent. The platform independenceenjoyed by Java programscomesfrom the
JVM Specification’s ignoranceof anarchitecture’s registerset.

This chapterdescribestheexperimentalsetupfor bothunifiedandsplit cachesimula-
tion. Section5.2 reportsthe resultsof the cachesimulationsandcomparesthe resultsto
cacheperformanceresultsreportedfor traditionallanguagebenchmarks.

5.1 Simulation Setup

Thecachesimulatoris a fully configurableprogramthattakesasinput amemorytraceand
a cacheconfigurationandoutputsthe talliesof how often eachcachein theconfiguration
capturedthememoryaccessesrequestedof thatcache(seeFigure5.1). All cachesarebyte
addressable;otherwise,eachcachecanbe parameterizedentirely independentlyof other
cachesin theconfiguration.Everythingfrom line sizeandnumberof linesto thedegreeof
associativity andread,write, andreplacementpoliciescanbesetin theconfigurationfile.
Finally, thereis a hook for addinga backupcache.This canbe usedto placea level two
cachebehinda level onecache,a level threecachebehinda level two cache,andsoon.

5.1.1 Data Free

As discussedin Chapter4, thememorytraceof executingbenchmarksdoesnotcontainthe
memoryvaluesfetched. Only memoryaddresseswererecorded,alongwith descriptions

46
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simulator

C3

C2

C1

memory trace

cache configuration

hit/miss rates

.class file
modified Japhar (JVM)

Figure5.1: Architecturefor thecachesimulator. Thesimulatortakesasinputacacheconfiguration
anda memorytracegeneratedby the modifiedJapharJVM andoutputsthe performancefor each
cachein theconfiguration.Thediagramhappensto show threesimulatedcaches(C1,C2,andC3).
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specifyingthe stateof the JVM at the time the accesswas made. For our purposesof
simulatingtheperformanceof agivencacheconfiguration,this is sufficient.

Accordingly, the cachesimulationprogramdoesnot storethe valueof a memoryad-
dress. Eachline of the simulatedcachestoresthe addresstag (that part of the memory
addressthat is not usedto locatethe line of thecache)andbits thatdenotethe line aspo-
tentially dirty, valid, or readonly. A time stampis alsopresentin eachline to enableleast
recentlyusedreplacementpolicy simulation.

5.1.2 Policies

Thesimulatorcanbecompiledwith specializedreadandwrite functionswithout rewriting
thesimulationprogram.Thisgeneralityprovidesagreatdealof flexibility to thesimulator.
By default thereadfunctionlooksin acachefor anaddress;if it is not thereandif abackup
cacheis present,thefunctionthenlooksin thebackupcacheusingthebackup’s readpolicy.
Bothrandomandleastrecentlyused(LRU) replacementpoliciesarehandledby thedefault
readpolicy.

The default write function canhandlecombinationsof write-through/write-back and
write-fetch/write-aroundwrite andwrite misspolicies.Likethedefault readpolicy, random
andLRU replacementpoliciesarehandledby thedefault write policy.

Eachcachehasa predicatefunction thatfilters thememoryaccessesallowablein that
cache. This canbe assimpleasfiltering out non-instructionaccessesto ascomplicated
asonly allowing accessesthat fall within a certainaddressrange. The default predicate
functionusestheacceptandrejectmasksfor thecache.Theacceptmaskspecifiesaccess
flagsthatmustbesetin orderfor anaccessto bepotentiallyacceptedfor readingor writing
from thecache.Therejectmaskspecifiesaccessflagsthatmustnotbetruefor apreviously
acceptedmemoryaccess.

5.1.3 Monitoring

Eachline of thecachetalliesits hitsandmisses.If amissedaddressblockhasnotyet been
accessedduring the tracefor that cache,thenthe missis recordedasa compulsorymiss.
All othermissesarelistedasconflictmisses.

Categorizingnon-compulsorycachemissesascapacityor conflictmisseswouldrequire
post-simulationcomparisonandcalculation.Themethodusedby PattersonandHennessey
comparesacache’s performancewith theperformanceof a fully associative cacheof equal
size (using least recentlyusedreplacement)[26]. Tracking capacitymissesfor a fully
associative cacheis straightforward andcanbe easilydoneduring the simulation. Fully
associative cachesdo not experienceconflict misses;therefore,any non-compulsorymiss
is a capacitymiss. Thesamenumberof capacitymissesoccurin thenon-fully associative
cacheof thesamesize;aftersimulation,a simplesubtractiongivesthenumberof capacity
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andconflict missesincurredby thecache.Giventhatall cachemissesareequalin termsof
thedelaythey causeto theCPU,it is only worthwhileto distinguishbetweenthemisstypes
if thecategorizationsrevealsomethingaboutthememorytraceusedasinput. Compulsory
missesroughly describethe memoryaddressesusedby the programand give a general
senseof the memoryfootprint of the program.1 Hence,it is worth distinguishingthese
accessesfrom theothers.Capacitymissesgive an indicationof whetheror not a program
fits in thecache;they areinherentlytied to thesizeof thecache.While this couldbeused
to determinea goodsizefor a cache,the endresultcanbe roughly seenby the different
performancesfor differentlysizedcaches.

Theliteratureoncachingreportsthateight-wayassociativecacheshavenearlythesame
missrateasfully associative caches.Sincefully associative cachesdo not suffer conflict
misses,the numberof capacitymissescanbe approximatedby looking at the numberof
non-compulsorymissesincurredby the eight-way associative cacheexperiments.There-
fore,we have lumpedcapacityandconflict missestogether.

Cachemissescausedby a write instructionarehandleddifferently dependingon the
write misspolicy of the cache.If the cacheusesa write fetch misspolicy, thenthe miss
is assignedto the line into which theaddressis fetched. If the cacheusesa write around
policy, the misscannotbe assignedto any particularline in the cache. Instead,a global
countof write aroundmissesis keptin eachcachethatusesthatwrite misspolicy.

5.1.4 Experiment Parameters

Both theunifiedandtheHarvardcache(split cache)experimentsusecacheswith 32 byte
lines.Cachesrangedin sizefrom1K to128K.All memorytracesweresimulatedwith direct
mappedcachesandeight-wayset-associative caches.Thedefaultpredicate,read,andwrite
functionswereused.For non-directmappedcachesrandomreplacementwasusedinstead
of theexpensive LRU replacementpolicy. A write-through,write-aroundwrite policy was
usedfor theunifiedcacheandthedatacacheof theHarvardconfiguration.Theinstruction
cachein the Harvard configurationwasreadonly. Table5.1 summarizesthe parameters
used.

5.2 Results

We simulatedthecachingperformanceof unifiedandHarvardcachesfor all of thebench-
marksdescribedin Chapter4. Additionally, a simulationfor a unifiedcachewith a com-
pleterangeof associativities wasrun with a shortermemorytraceobtainedfrom running

1As SeanSandyswisely pointedout, a cachemisspulls a wholeline into thecache.For cacheswith large
lines, the line maycontainmemorythat is never accessed;alternatively, the line maycontainmemorythat is
usedin thenearfuture. In thelattercasea compulsorymisswill not show up for theprefetchedmemory.
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Harvard Cache
Unified Cache Data Instruction

Size(KB) 1, 2, 4, 8, 16,32,64,128 .5, 1, 2, 4, 8, 16,32,64
Associativity directmappedand8-way (randomreplacement)
PredicatePolicy default
ReadPolicy default
Write Policy default default n/a

Table5.1: Experimentparametersfor unifiedandHarvardcachesimulations.

theJDK1.2javac programonHelloWorld. Theassociativity experimentwasaimedatver-
ifying that varying thedegreeof associativity of a cachehadthesameimpactfor caching
Java programsasit did for cachingnatively compiledprograms.Themoreextensive uni-
fied andHarvardcachesimulationsonly simulatedirectmappedcachesandeight-way set-
associative cachesto reducethecomputationtime neededto performthesimulations.This
decisionwasmadesincetheabsentcachemissratioscanbeestimatedfrom theeight-way
missratiousingthetechniquepresentedby Hill andSmith[13].

Theresultsreportedby PattersonandHennessey andby Geeetal. areusedasabasisof
comparisonrepresentingcacheperformancefor natively compiledprograms.Theseresults
wereobtainedby runningbenchmarkprogramswritten in C [11, 26].

5.2.1 Associativity

Thefirst observation thatcanbemadeby comparingFigure5.2with Figure5.3 is that the
Java benchmarkcausedahighercachemissratio thantheC benchmarkresultsreportedby
Geeetal. for comparablecaches[11]. This is truefor all cachesizesandfor all degreesof
associativity. Reasonsfor thehighercachemissratioswill bediscussedin Section5.2.2.

Otherwise,thetwo figuresexhibit similar trends.Higherassociativity resultsin a lower
miss ratio, but with diminishing returns. Increasesin cachesize reducemiss ratios for
all degreesof associativity. We alsoseethat the2:1 Cache Ruleholdsfor theJava cache
simulations[26]:

2:1 CacheRule: Themissrateof adirect-mappedcacheof sizeN is aboutthe
sameasa two-way set-associative cacheof sizeN � 2.

Forexample,themissratiofor a16Kdirectmappedcacheis roughlythesameasan8K two-
wayset-associative cache.The2:1 ruleof thumbappliesto higherdegreesof associativity,
althoughthevariationisnotastightly constrained.In ourdata,a2K two-wayset-associative
cacheperformsaboutthesameasa1K four-way set-associative cache.
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Effect of Associativity on Unified Cache Miss Rate
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Figure 5.2: Unified cachemiss ratesfor different associativities for javac (JDK1.2) compiling
HelloWorld.

Figure5.2 alsocontainsa dataplot for a fully associative cache.Our resultsconfirm
the conventionalwisdom that an eight-way set-associative cachehasa miss ratio nearly
identicalto a fully associative cache.

Two concernswith thesetupof this experimentneedto beaddressedbeforelooking at
theeffect of associativity on averagememoryaccesstime. First, the replacementpolicies
usedfor thedifferentexperimentsweredifferent.Ourresultswereobtainedusingarandom
replacementpolicy for set-associativeandfully associativecaches,while Geeetal. rantheir
experimentswith theLRU replacementpolicy. It is interestingthatdespitethis difference,
thetwo figuresdo not revealany noticeableimpact.Randomreplacementperformsnearly
aswell asLRU replacementwithout theoverheadof implementingtheLRU algorithmor
storingextrabits to tracktheleastrecentlyusedcacheline in aset.

Second,thetraditionalresultsreporttheaveragemissratiosfor a suiteof benchmarks
while theJavafigurereportsononlyasinglebenchmark.Runningjavac tocompileHelloWorld
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Traditional Effect of Associativity on Miss Rate
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Figure5.3: Unified cachemissratesfor differentassociativities for SPEC92benchmarksuite[11,
26].

generatedmemoryaccessdistributionsrepresentativeof theaverageof theJavabenchmarks
used(seeChapter4). Tables5.2and5.3show thepercentageof eachkind of memoryac-
cess.Notethat theratio of instructionto dataaccessesadheresto the30/70JavaMemory
Rule. Theassumptionhereis thatmemorytraceswith similar typedistributionswill have
similar localitiesof reference.Hence,thecachingperformancewouldbesimilar.

Reducingthecachemissratio by increasingthedegreeof associativity is only worth-
while if the overheadof the higherassociativity is lessthanthe gainsfrom a lower miss
ratio. To make this comparisonwe calculatedthe averagememoryaccesstime in clock
cyclesusingthemethodpresentedby PattersonandHennessy[26] (seeFigure5.4). Since
thecachesin questionareunifiedcaches,thereis astructuralhazardcreatedby fetchingan
instructionon thesamecycle asfetchinga pieceof data.This leadsto a modifiedformula
asshown in Figure5.5.Thespeedsfor thedifferentlevelsof cache/memoryaretakenfrom
PattersonandHennessyandareshown in Figure5.6.
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Memory AccessDistribution for Javac (JDK1.2)

Type Frequency Freq. %

INSTR 8342553 29.26%
DATA 20166674 70.74%

Table5.2: Distributionof memoryaccessesby typefor compilingHelloWorld with JDK1.2javac.

Data Memory AccessDistribution for Javac (JDK1.2)

Data Type Frequency Freq. %

STACK 6723588 23.58%
CONST 1563774 5.49%
OTHER 11879312 41.67%

Table5.3: Distribution of datamemoryaccessesby typefor compilingHelloWorld with JDK1.2
javac. Percentagesareout of totalmemoryaccessesmade.

GeneralMethod for Calculating AccessTime

Tcycles � Thit � Mratio 	 Mpenalty

where

Tcycles � averagememoryaccesstime in cycles

Thit � timeneededto accessthecacheon ahit, in cycles

Mratio � missratio for thecache

Mpenalty � timeneededto accessthenext lower level of memoryon amiss,

in cycles

Figure5.4: Generalmethodfor calculatingaveragememoryaccesstime in cycles.
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Method for Calculating Unified CacheAccessTime

Tcycles � Iratio 	�
 Thit � Mratio 	 Mpenalty �
� Dratio 	
 2Thit � Mratio 	 Mpenalty �

where

Iratio � ratio of instructionaccessesto totalnumberof accesses

Dratio � ratio of dataaccessesto total numberof accesses

Figure5.5: Methodfor calculatingaveragememoryaccesstime in cyclesfor unifiedcaches.

Speedsfor Different Memory Layers

RegisterSpeed � 1 clockcycle

Level OneCacheSpeed � 2 clockcycles

Level Two CacheSpeed � 10clock cycles

Main MemoryAccessSpeed � 50clock cycles

Figure5.6: Speedsfor differentmemorylayers.

Following PattersonandHennessey’s example,the overheadfor associativity canbe
includedby increasingaccessspeedsfor cacheandmemoryrelative to a direct mapped
cachehierarchy. The rationaleis that looking up the correctline in a set in a cacheadds
time to the act of accessingthe cache;this in turn forcesthe clock cycle to be slightly
longer. For cacheswith associativity higherthan1, the averagememoryaccesstime has
beenscaledby anappropriateassociativity constantto increasethenumberof clock cycles
spentrelativeto a memoryhierarchy usinga directmappedcache. Table5.4 lists thevalue
of theseassociativity constants.

Tables5.5 and5.6 give the averagememoryaccesstime in cyclesfor Java programs
and the SPEC92benchmarksuite using a unified cachebacked by main memory. The
numberswerecomputedusingthe formulagiven in Figure5.5 andthedatavaluesshown
in Figures5.2and5.3.

The valuesof interestareitalicized in the tables. At thesepointsthe costof a higher
degreeof associativity outweighsthegainsgleanedfrom a lower missratio. For both the
Java benchmarkandtheSPEC92suitethetradeoff point comesat largercaches.

Pattersonand Hennessygive their own numbersfor comparingthe averagememory
accesstimeof differentdegreesof associativity. While weusedtheirmissratios,theaverage
memoryaccesstimeswe reportarehigherby one to two clock cycles. The discrepancy
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Relative AccessTime Ratios for Associativity

Associativity Time Ratio
directmapped 1.00
two-way 1.10
four-way 1.12
eight-way 1.14

Table5.4: Associativity overheadconstantsusedby PattersonandHennessy[26]. Notethat there
is a much larger differencebetweendirect mappedand two-way associative cachesthan thereis
betweentwo- andfour-way andfour- andeight-way caches.The transitionfrom a direct mapped
cacheto atwo-wayassociativecacherequirestheadditionof new cachecontrollogic. Thetransition
from two- to four-way or from four- to eight-way associative cachesonly requiresmodifying the
cachecontrollogic alreadyin placeto accomodatelargersets.

comesfrom usingtwoclockcyclesastheaccesstimefor alevel onecacheinsteadof theone
clock cycle accesstime that they use.Interestingly, they usetwo clock cyclesfor thelevel
oneaccesstimewhencomparingtheperformanceof aunifiedcachewith aHarvardcache.
For consistency, we usetwo clock cyclesasthelevel oneaccesstime in ourcalculations.

Despitethedifferencesin our datawith thenumbersgivenby PattersonandHennessy,
thesametrendappearsin thedata.Higherassociativity comeswith anoverheadcostthat
candominateaveragememoryaccesstimesin larger caches.The slight improvementin
cachehit rategainedby higherassociativity is outweighedby theslower accesstime. Fi-
nally, the intuition that highercachemissratescorrespondto slower memoryaccessesis
supportedherefor unifiedcaches. In Section5.2.3we will seethat highermissratiosdo
notalwaysleadto slower averageaccesstimes.

5.2.2 Unified Cache

A unified cachetries to captureboth instructionanddataaccessesmadeto memory. Our
experimentssimulatedthe performanceof a unified cachefor all of the benchmarksde-
scribedin Chapter4 exceptHelloWorld. Herewe presentthe averageresultsacrossthe
benchmarks.Simulationresultsfor theindividualbenchmarkscanbefoundin AppendixC.

Figure5.7contraststheunifiedcacheperformancefor anaverageof Java benchmarks
againsttheunifiedcacheperformancefor SPEC92reportedby Geeetal. andPattersonand
Hennessy[11, 26]. For smallcaches( � 4K), thetraditionalbenchmarkshave a lower miss
ratefor bothdirectmappedandeight-way associative caches.This is not unexpectedsince
Java programsmake moredataaccessesthantraditionalprograms.Dataaccesseshave less
locality of referencethaninstructionaccesses,so it is easilyunderstandablewhy theJava
programshave ahighermissratethantheSPEC92suite.
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Unified Cache Performance  for Average Benchmark
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Java caches better here on out!

Figure 5.7: Unified cacheperformanceacrossan averageof Java benchmarks.Data for direct
mappedandeight-wayassociativecachesis given.



CHAPTER5. CACHESIMULATION 57

AverageCyclesper Memory Accessfor Java

Associativity
CacheSize(KB) One-way Two-way Four-way Eight-way

1 12.68 11.25 10.36 10.26
2 10.52 8.82 8.29 8.22
4 7.57 7.23 6.66 6.39
8 5.93 5.79 5.53 5.30
16 5.10 4.85 4.79 4.79
32 4.49 4.53 4.50 4.55
64 4.16 4.38 4.41 4.48
128 4.01 4.30 4.37 4.44

Table5.5: Averagecyclesper memoryaccessby associativity. Calculationsfrom missratesfor
a unifiedcachesimulatinga traceof javac compilingHelloWorld(JDK1.2). Italicized typemeans
that this time is not fasterthanthe time to the left; that is, higherassociativity increasesaverage
memoryaccesstime.

For largercaches,however, theJava benchmarkshave a lower missrate,againfor both
directmappedandeight-wayassociativecaches.TheJavacurvesdropfarmoresteeplythan
the traditionalcurves. This dramaticimprovementin missrateis probablycausedby the
Java programsnearlyfitting into a 4K cache.Evenwith moredataaccessesanda resulting
lower locality of reference,8K or largercachescancapturealmostall of theworkingsetof
memoryaddressesbeingaccessed.Thus,theJava programshave relatively smallmemory
footprints. Looking back at Figures5.2 and 5.3 we seethat heretoo the Java program
hasa steeperdrop to its missrate thanSPEC92.Here,however, the direct mappedmiss
ratefor theJava programnever dropsbelow thedirectmappedmissratio for theSPEC92
suite. The two-way, four-way, andeight-way associative cachemissratesdo drop below
thecorrespondingSPEC92ratesfor 8K cachesandlarger.

5.2.3 Harvard Cache

Unlike a unifiedcache,a Harvardcacheseparatesdataaccessesfrom instructionaccesses.
Therationalebehindthis segregationis discussedin Chapter2. Like our unifiedcacheex-
periments,all of the benchmarksweresimulatedon a Harvard cache.Herewe will only
presentthe resultsfor an averageacrossour Java benchmarks(exceptingHelloWorld as
always). Simulationresultsfor the individual benchmarkscanbe found in AppendixC.
Completemissratesfor eight-way associative dataandinstructioncachesfor theSPEC92
suitewerenot givenby Geeet al. [11]; Figure5.8reproducesthenumbersthatwereavail-
able.
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Harvard Cache Performance for Average Benchmark
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Java Data 1 23.49% 15.98% 10.15% 5.08% 2.93% 1.84% 1.39% 1.07%

Java Data 8 14.90% 7.54% 3.48% 1.97% 1.21% 0.90% 0.75% 0.68%

Trad. Data 1 24.61% 20.57% 15.94% 10.19% 6.47% 4.82% 3.77% 2.88%

Trad. Data 8 8.04% 4.64% 3.61% 2.88% 2.30%

Java Instr 1 1.00% 0.62% 0.35% 0.20% 0.07% 0.03% 0.02% 0.01%

Java Instr 1 0.57% 0.28% 0.08% 0.02% 0.01% 0.00% 0.00% 0.00%

Trad. Instr 1 3.06% 2.26% 1.78% 1.10% 0.64% 0.39% 0.15% 0.02%

Trad. Instr 8 0.87% 0.49% 0.39% 0.04% 0.01%
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Java always has a better hit rate, 

for data and instruction caches.

Figure5.8: Harvard cacheperformanceacrossan averageof Java benchmarks.Data for direct
mappedandeight-wayassociativecachesis given.
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AverageCyclesper Memory Accessfor Traditional Programs

Associativity
CacheSize(KB) One-way Two-way Four-way Eight-way

1 9.17 8.53 8.03 7.81
2 7.39 6.95 6.38 5.93
4 6.12 5.89 5.55 5.07
8 4.79 4.82 4.75 4.53
16 3.94 3.94 3.92 3.90
32 3.50 3.52 3.53 3.58
64 3.18 3.28 3.30 3.34
128 2.98 3.11 3.15 3.19

Table5.6: Traditionalaveragecyclesper memoryaccessby associativity. Calculatedfrom miss
ratesreportedin [11, 26] for unifiedcachescachingtheSPEC92benchmarksuite.Cycletimesare
higherthanthosegivenin [26] on page397dueto allocatingtwo clock cyclesto accessthecache
insteadof oneclock cycle. Italicizedtypemeansthatthis time is not fasterthanthetime to theleft;
thatis, higherassociativity increasesaveragememoryaccesstime.

Figure5.8contrastsHarvardcacheperformanceacrossanaverageof Java benchmarks
againsttheHarvardcacheperformancefor SPEC92.Thefirst thing to notehereis thevast
differencebetweenthemissratesfor theinstructionanddatacaches.Increasingthesizeof
theinstructioncachegivesonly a slight improvementin themissratesincetheratesbegin
solow. Increasingthesizeof thedatacachedramaticallyimprovesthemissrate,especially
for theJava benchmarks.ThedirectmappedJavadatacacherangesfrom apainful23.49%
missratefor a 1K cacheto animpressive 1.07%missratefor a128K cache.

Therearetwo subtlepointsthatcanbededucedfrom Figure5.8.First, theJava instruc-
tion cachealwayshasa lower missratethanthatof theSPEC92instructioncache.This is
probablya consequenceof Java programshaving smallbytecodes.With a smallbytecode
the instructionworking setis naturallysmall,allowing the instructioncacheto hold most
of theworkingsetandleadingto a lowermissrate.

Second,eventhoughsmallunifiedcachesservicingJava programshave a highermiss
ratethancomparablecachesservicingtraditionalprograms,themissratesfor Java servic-
ing datacachesarealways lower thanthe datacachemissratesfor traditionalprograms
regardlessof size. By thetime theJava directmappeddatacacheis 8K, its missrateis less
thanthemissratefor an8K eight-way associative cacheservicingtheSPEC92programs.
As Section5.2.2explained,this indicatesthat theworking setfor theJava dataaccessesis
not muchlarger thanthesizeof theJava datacache.Removing the instructionsto a sep-
aratecachefreesup enoughspacein thedatacacheto allow theJava cacheto outperform
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theSPEC92cache.

5.2.4 Comparing Unified and Harvard Caches

We saw in Section5.2.1with unified cachesthat a high miss rate translatedinto a high
averagememoryaccesstime. Harvard cachesrequirea morecarefulanalysis,sincethe
miss ratesfor the dataand instructioncachesonly affect the averageaccesstime by the
percentof the time eachcacheis used. In otherwords,the missratesfor eachcacheare
weightedby how frequentlythatcacheis referredto. Figure5.9givestheformulausedto
calculatethe averagememoryaccesstime for Harvard caches.Becausethe expenseof a
cacheis proportionalto its size,it is importantto comparea unifiedcacheof sizeN with a
Harvardcacheof sizeN. This meansthata 2K unifiedcacheis comparedwith a Harvard
cachecomprisedof a1K instructioncacheanda1K datacache.All of thetablesandfigures
in thissectionusethisbasisof comparison.

Method for Calculating Harvard CacheAccessTime

Tcycles � Iratio �� Thit � Minstr � Mpenalty �
� Dratio �� Thit � Mdata � Mpenalty �

where

Minstr � missratefor instructioncache

Mdata � missratefor datacache

Figure5.9: Methodfor calculatingaveragememoryaccesstime in cyclesfor Harvardcaches.

Table5.7 lists the averagememoryaccesstimesby cachetype for the averageof the
Java benchmarksandSPEC92.TheSPEC92timeswerecalculatedassuminga 75/25in-
struction/dataaccessratio while theJava timesusethefrequenciesgivenin Chapter4. The
unifiedcachecalculationsfavor theSPEC92suiteover theJavabenchmarkssincethestruc-
tural hazardassociatedwith a unifiedcachecanbethoughtof aspenalizingdataaccesses.
With a muchgreaternumberof dataaccesses,the mtrt programis penalizedmuchmore
frequently. While onecouldarguethatthepenaltyshouldbeassignedto theinstructionac-
cessesfor Java programs,theinterpreter’s instructionsarealsostoredin theunifiedcache.
Thehazardmayexist on themachine;it just is notahazardthatfallswithin themainfocus
of thiswork. For thisreason,we’ve left thehazardpenaltyadjustingthedataaccesstimefor
unified caches.Figure5.10comparestheaveragememoryaccesstime for direct mapped
caches.

Despitehaving bettermissratesfor both the instructionandthe datacaches,theJava
benchmarkshada worseHarvardcacheaccesstime thantheSPEC92suitefor cachesless
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AverageCyclesper Memory Accessfor Unified and Harvard Caches

Unified Cache Harvard Cache
CacheSize(KB) One-way Eight-way One-way Eight-way

Java benchmarks

2 10.19 7.74 *10.43 *8.36
4 7.55 5.68 *7.72 5.35
8 5.56 4.84 *5.63 3.69
16 4.69 4.45 3.82 3.08
32 4.20 4.27 3.04 2.79
64 3.93 4.19 2.65 2.64
128 3.80 4.15 2.49 2.58

SPEC92benchmark suite

2 7.39 5.93 6.22
4 6.12 5.07 5.42
8 4.79 4.53 4.66
16 3.94 3.90 3.69 3.80
32 3.50 3.58 3.05 3.15
64 3.18 3.34 2.75 2.96
128 2.98 3.20 2.53 2.71

Table5.7: Averagecyclesper memoryaccessfor an averageof Java benchmarksandSPEC92.
Data is includedfor unified andHarvard caches.Eight-way associative entriesthat have a worse
accesstime thanthecomparabledirectmappedcacheareitalicized.Harvardcacheentriesthathave
a sloweraccesstime thanaunifiedcacheof thesamesizeandassociativity aremarkedwith a ’*’.
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Average Memory Access Times for Direct Mapped Unified 
and Harvard Caches
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Figure5.10:Comparisonof directmappedunifiedandHarvardcacheaverageaccesstimesfor Java
andtraditionalprograms.
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than 32K in size. The reasonlies in the 30/70Java MemoryRule; dataaccessesoccur
farmorefrequentlythaninstructionaccessesin Javaprograms,makingthemissratefor the
datacachemuchmoreimportantthantheinstructioncachemissrate.For theSPEC92suite,
theoppositeis true sincethe instruction/dataratio is 75/25. Sincethedatacacheholding
Java accessesmorestrongly impactsthe accesstime for the Harvard cache,its missrate
mustbeextremelylow to achieve a fasttime. With smalldatacachesthemissrateis not
low enoughto offset thehigh demandplacedon it by Java programs.For larger Harvard
cachesthe Java programshave fasteraverageaccesstimesthanSPEC92.Unified caches
servicingthe SPECJVM98 and linpack benchmarksnever have fasteraccesstimes than
unifiedcachesservicingSPEC92.Consideringthatfor unifiedcachesgreaterin 4K in size
Java programshave bettermissrates,the accesstime would be betterfor Java if the bus
hazardwasnotassignedto dataaccesses.

A comparisonbetweendirectmappedunifiedandHarvardcachesfor theJava bench-
marksrevealssomesurprisingresults.For smallcachesizestheunifiedcachehasaslightly
betteraccesstime thantheHarvardcache;this is not thecasefor theSPEC92suite. The
reasonfor this is theoverwhelmingnumberof dataaccessesmadeby Javaandthehighmiss
ratesfor smallJava datacaches.Theperformancecostof usingthedatacacheoutweighs
thebenefitsgainedfrom segregatinginstructionsanddata.

At cacheslarger than8K, however, Harvardcachesperformbetterthanunifiedcaches.
Herethedatacachemissrateis sufficiently low sothatthecostof accessingmoredatathan
instructionsdoesnotoutweighthebenefitsof aseparateinstructioncache.Thisbehavior is
capturedby the16K InstructionRule:

16KInstructionRule:For theaverageJavaprogramusingdirectmappedcaches,
separatinginstructionsinto aseparatecacheis only worthwhilewhenthetotal
cachesizeis 16K or greater.

In truth,any JVM implementedin softwaredoesnot usetheinstructioncache.Instead
of performinglike thedirectmappedHarvardcachecolumn,theJava programhasanav-
eragememoryaccesstime of a unifiedcache 1/2 the size. For example,a Java program
runningin asoftwareJVM onadesktopmachinewith a32K level oneHarvardcache(16K
data,16K instructions)doesnothave anaveragememoryaccesstimeof 3.04clock cycles.
Instead,theprogramhasanaverageaccesstime equalto a 16K unifiedcache:4.69clock
cycles.

Figures5.11 and 5.12 illustrate the shifting importanceof instruction and data ac-
cessesfor theJavabenchmarksandSPEC92benchmarksfor directmappedHarvardcaches.
The areasarecomputedasa function of the averagememoryaccesstime (for the whole
cache/memorysystem)multiplied by the frequency of the different accesstypes. The
Java benchmarksspendmostof their memoryaccesstime fetchingdata;theSPEC92suite
spendsmostof its memoryaccesstime fetchinginstructions.The figuresalsoshow how
increasingcachesizedramaticallyreducestheoverall timespentmakingmemoryaccesses.
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Time Spent Accessing Memory w/ Harvard Cache (Java)
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Figure5.11: Time spentaccessingmemorywith a directmappedHarvardcacheaveragedacross
theJavabenchmarks.
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Time Spent Accessing Memory w/ Harvard Cache (Trad.)
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Figure5.12: Time spentaccessingmemorywith a direct mappedHarvard cachefor traditional
programs.
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For the Java benchmarksthe differenceis a large decreasein the numberof cyclesspent
fetchingdata.

5.3 Conclusions

With theexceptionof smallHarvardcachesappliedto Java programs,Harvardcachesper-
form betterthanunified caches.They provide a lower averagememoryaccesstime than
unifiedcaches,betterhiding thelatency of mainmemory.

TheHarvardcacheexperimentshowedthatthekey to efficiently cachingJavaprograms
lies in efficiently cachingdataaccesses.Chapter6 will look at alternative cacheconfigura-
tionsthattry to exploit thestructuretheJVM specificationimposeson memory.

Yet while Java programsspendthemajority of their memoryaccessesretrieving data,
cacheperformancecouldoutperformthat shown whenservicingtraditionalnatively com-
piled programslike SPEC92. This is due to the small memoryfootprintsmadeby Java
programs;thesefootprintsaresmall enoughto fit within thedatacache.Thus,even with
suchthe largenumberof dataaccessesandthe lower locality of referenceassociatedwith
dataaccesses,datacachesarestill very effective for Java programs.

Given that small instructioncachesperformvery well, especiallywhencachingJava
programs,theneedfor aninstructioncacheequalin sizeto thedatacacheis questionable.
Thechip realestatecouldbeput to betteruse,possiblyhelpingimprove dataaccesstime.



Chapter 6

New Cachesfor Incr eased
Performance

“Il faut cultivernotre jardin.”
—Voltaire,Candide

n Chapter5 we saw thatJava programshave a slower averagememoryaccesstime
thantraditionalnatively compiledprogramsfor memoryhierarchiescontaininguni-
fied or Harvardcaches.Herewe explorealternative cachingconfigurationsthatre-
flect theinternalmemorystructureimposedby theJVM specification.Specifically,

threenew cacheswill beconsidered:

RegisterCache: A tiny, fast,eight-way associative cachethat servesasa databuffer be-
tweentheCPUandthemaincachehierarchy(muchlike theregisterbankon a real
machine).

Stack Cache: A smalldirectmappedcachethatbuffersthetopof operandstacks.

Constant Cache: A smalldirectmappedcachethatholdsconstantpool accesses.

Theseaddresstheconsequencesof the lack of registers,the importanceof accessesto
the top of operandstacks,andthe importanceof constantpool accesses,respectively. All
experimentalresultsarean averageacrossthe benchmarksdescribedin Chapter4. The
averageis unweighted,consideringall of the programsas equally important. Complete
resultsfor the individual benchmarksaregiven in AppendixD. We have not hadtime to
thoroughlyanalyzethisdata;we includeit in theappendixfor completeness.

Eachcacheconfigurationwepresentin thischapterwill beaccompaniedby aschematic
key in the margin to aid in distinguishingthe differentcachetopologies. Figure6.1 is a
large versionof this schematic,with labelsaccompanying eachcachetype. The margin

67
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Register Cache

Unified/Harvard Cache

Constant Cache

Stack Cache

CPU

Figure6.1: Samplecachetopologyschematic,without dataflow arrows. Whenthelargecacheis
usedasa Harvardcachea line representingthedata/instructionsplit is added.Otherwise,thelarge
cacheis a unifiedcache.



CHAPTER6. NEW CACHESFORINCREASEDPERFORMANCE 69

schematicsusearrows indicating the flow of datafrom the CPU to the different caches
containedin theconfiguration.

A brief wordonterminology. While thehybridcachesarecomprisedof multiplecaches
and bestdescribedas configurations,the transparentnatureof cacheslets us think of a
configurationasa unit. Often we refer to the whole of a cacheconfigurationasa single
cacheentity. For example,a UNIREG configurationmight alsobereferredto asa UNIREG

cache.This follows theprecedentof Harvardcaches,which arecomprisedof a datacache
andaninstructioncacheyet thoughtof asasinglecache.

6.1 RegisterCache

TheJVM specificationavoids referringto machinespecificregistersto maintainplatform
independent.As a result, no datais storedin registerson the physicalmachine. What
if somedata,however, werestoredin registers? How doesthe lack of registershurt the
memoryaccesstime?

Adding a small, eight-way LRU associative cacheis an attemptat approximatingthe
resourcesprovided by registers. While the cachewill not be as efficient as the register
mappingperformedby compilers,makingthecacheeight-way associative with LRU tries
to ensurethat the line replacedis that which is leastlikely to be accessedin the nearfu-
ture.Sincecachesdonotusuallyserve thepurposeof containingregisterscratchspace,we
have little experienceevaluatingtheir effectivenessin this role. This makescomparingthe
cachingresultsof stack-basedarchitectureswith registerarchitecturesdifficult.

6.1.1 Isolated RegisterCache

Wenow considertheappropriatesizeof aregistercache,or registerbuffer (wewill usethese
termsinterchangeably).Sincetheregisterbuffer simulatesregisterresourcesfor theJVM,
thelatency of theregistercacheis oneclock cycle. This is consistentwith thetime needed
to accessregisterson real machinesandis appropriategiven the hardwarecomplexity of
sucha buffer. Becausetheregisterbuffer simulatesregisters,only dataaccessesarepassed
to thebuffer; therefore,thishardwareis not involvedwith theinstructionstream.

Registerbuffersfrom 64to 512bytesweretested.A linesizeof eightbyteswasselected
to be consistentwith the sizeof registers. The isolatedregisterbuffer usesa write back,
write fetch policy to simulateregisterbehavior. Whena registervaluechanges,the new
valueis not immediatelyupdatedin memory;instead,memoryis updatedwhenthevalue
is temporarilydonebeingused.On writes the registerbuffer only writesbackto thenext
level of memorywhenadirty line is replaced.

Weuseawrite fetchpolicy whenhandlingwrite misses.Thiskeepsthehottestmemory
addressesin the register cache,at the expenseof occasionallyswappingin data that is
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not immediatelyreused.Incidentally, employing a write back,write fetch policy yieldsa
slightly bettermissratethanawrite through,write aroundpolicy. In Section6.1.2we’ll see
thatusinga write through,write aroundpolicy increasesthe registerbuffer’s missrateby
about2%.

AverageRegisterCacheMiss Ratesand AccessTimes

Size(bytes) Miss Rate AccessTime
64 47.93% 36.88

128 33.62% 31.13
256 24.42% 27.44
512 15.23% 23.74

Frequency: 70.22%

Table6.1: Miss ratesandaccesstimesfor anaverageof Java benchmarks.Theaccesstime is the
averageaccesstime of a machineusingjust a registercache(in cycles).Thefrequency givenis the
percentageof totalmemoryaccessespassedto thecache.

Table6.1 lists the missratesfor differentsizedregisterbuffers. The effectivenessof
sucha smallcacheat capturingtheworking setof dataaccessesis impressive. A 512byte
cachehasa missrateof only onein sevenaccesses.Table6.1 alsolists thepercentageof
accessesmadeto thecache(thepercentof memoryaccessesmadeto fetchdata).

For all remainingexperimentsthat employ a register buffer, the cacheis a 256 byte
cache.1 A write through,write aroundpolicy is usedinsteadof write back,write fetch;this
policy is consistentwith any downstreamcaches.

6.1.2 Unified Cacheand RegisterBuffer (UNIREG)

Table6.2 lists the miss ratesfor a cacheconfigurationcomprisedof a 256 byte register
buffer andavariablesizedunifiedcache.Dataaccessesarefirst passedto theregisterbuffer.
If the requesteddatais not in thebuffer, it thenforwardsthe requestto theunifiedcache.
Sincetheregisterbuffer hasawrite throughupdatepolicy, any changesto theregistercache
arealsomadeto theunifiedcache.Theunifiedcacheis inclusive: it containsall thedata
heldin theregistercache.Instructionaccessesbypasstheregisterbuffer andgo directly to
theunifiedcache.For easycomparisonthemissratesfor a unifiedcachearealsoincluded
in Table6.2. The averagememoryaccesstimes are listed for a unified cachewith and
without a registerbuffer. The formulausedto calculatetheaccesstimesfor this UNIREG

configurationaregivenin Figure6.2.
1If we did not limit thenumberof experimentsby usinga singleregistercachesize,we’d still begathering

data.The256bytecacheis reasonablysizedin view of currentregisterresources.For thesamereason,stack
andconstantcachesfor hybrid cacheconfigurationsarea setsize.
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UNIREG CacheMiss Ratesand AccessTimes

Register+ Unified Unified
Unified Size
(KB)

register
miss%

unified
miss%

Time
(cycles)

unified
miss%

Time
(cycles)

Dir ect Mapped Unified Cache
1 26.37% 30.85% 9.46 21.22% 14.02
2 26.21% 19.77% 6.78 13.55% 10.19
4 26.21% 12.68% 5.08 8.27% 7.55
8 26.21% 6.67% 3.64 4.29% 5.56
16 26.21% 4.24% 3.05 2.57% 4.69
32 26.21% 2.62% 2.66 1.58% 4.20
64 26.21% 1.66% 2.43 1.04% 3.93
128 26.21% 1.23% 2.33 0.79% 3.80

Eight-way Associative Unified Cache
1 26.14% 26.98% 9.69 12.79% 11.18
2 26.21% 15.35% 6.52 6.76% 7.74
4 26.21% 6.61% 4.13 3.15% 5.68
8 26.21% 3.21% 3.20 1.67% 4.84
16 26.21% 1.78% 2.81 0.98% 4.45
32 26.21% 1.17% 2.64 0.67% 4.27
64 26.21% 0.94% 2.58 0.53% 4.19
128 26.21% 0.81% 2.54 0.47% 4.15

Table6.2: Missratesandaverageaccesstimesfor aunifiedcacheaugmentedwith a256bytewrite
through,write aroundregisterbuffer. Eight-wayassociative unifiedcacheaccesstimesslower than
thecorrespondingdirectmappedcachetimesareitalicized. Thetwo rightmostcolumnsreproduce
theresultsfrom Table5.7
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Method for Calculating Memory AccessTime for UNIREG Caches

Tcycles � Iratio ��� TL1 � Umiss � Tmem�
� Dratio �� Treg � Rmiss �� 2TL1 � Umiss � Tmem���

where

Tcycles � averagememoryaccesstime in cycles

TL1 � time neededto accessa level onecacheona hit

Treg � time neededto accessa register

Tmem � time neededto accessmainmemory

Iratio � ratio of instructionaccessesto totalnumberof accesses

Dratio � ratio of dataaccessesto total numberof accesses

Umiss � unifiedcachemissrate

Rmiss � registerbuffer missrate

Figure6.2: Methodfor calculatingaveragememoryaccesstime in cyclesfor UNIREG caches.

Theadditionof a registerbuffer causesthemissratefor theunifiedcacheto dramati-
cally increase.The registercache“steals” the highestlocality datareferences.The write
throughpolicy grantstheunifiedcacheall of thelocality of thedatawrites.However, only
occasionaldatareadsarerequestedfrom the unified cache.Otherwise,the registercache
doesnotneedto refertherequestto theunifiedcache.

At the sametime, the averagememoryaccesstime improves with the additionof a
registercache.Therearetwo causesfor this improvement.First, even thoughtheunified
cachehasa highermissrate,thatmissrateonly affectsregistercachemisses(only oneout
of every four dataaccesses)or whentheaccessis an instruction.Thus,the importanceof
theunifiedcacheis greatlyreduced.Missingtheregistercacheintroducestheoverheadcost
associatedwith looking in theregistercache.Second,thepenaltyfor accessingtheregister
cacheon acachehit is only oneclockcycle.

As afinal point, theregistercachemissrateis higherthanthatshown for thesamesize
cachein Table6.1.Thecacheusedto obtaintheresultsin Table6.1hasthebenefitof afetch
backwrite misspolicy. This is especiallyimportantfor thestackaccessesthatalwayswrite
to thetopof thestackbeforereadingfrom it. Wehavenothadtimeto furtherinvestigatethe
impactof differentwrite policieson cacheperformanceandaveragememoryaccesstime.2

2Our calculationsfor cacheperformanceandaveragememoryaccesstime alsodo not considerthelatency
associatedwith alwayswriting a valuebackto main memoryfor write throughcaches.The oversightis an
intentionalsimplification;werewe to accountfor the time neededto write backto memoryfor write through
caches,we would needto treatissuesof datahazardsencounteredvia rapidsuccessionsof readsandwritesto
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6.1.3 Harvard Cacheand RegisterBuffer (HARREG)

Theimpactof addinga registerbuffer to a Harvardconfigurationcanbeseenin Table6.3.
Thesizecolumngivestheindividualsizesfor eachof theinstructionanddatacaches.Thus,
thetotal cachesizefor the listed1K entry is 2K: 1K datacacheand1K instructioncache.
The HARREG cacheconfigurationis just like the UNIREG configurationexcept that the
cachebehindtheregistercacheno longerservicesinstructionaccesses.Thoseaccessesare
relegatedto adedicatedinstructioncache.

Deprived of instructionaccessesandhigh locality dataaccesses,the datacachehasa
much higher miss rate than either the datacachefrom the Harvard configurationor the
unified cachefrom the UNIREG configuration. Comparedto a Harvard cache,the direct
mappedHARREG cachehasa missratetwice aslarge; theeight-way associative HARREG

cachehasa missratethreetimesaslarge. On theotherhand,thedatacachewasaccessed
lessfrequentlythanthosecaches.A simpleexamplemakesthisobvious.Theregisterbuffer
in theHARREG cachehasamissrateof roughly26%. In otherwords,26%of theaccesses
it sees(70% of all memoryaccesses)arerequestedfrom the datacache—26%� 70% �
18� 2%. Therefore,the49%missratefor the1K datacacheis only a performanceconcern
18%of thetime.

The additionof a registercacheamplifiesthe effect of increasingthe sizeof the data
cache;themissrateimprovementis greaterfor registerbuffereddatacaches.However, the
miss ratedecreasecausedby an increasein datacachesizeproportional to the previous
size’s missrate is roughlyequalwith andwithouta registerbuffer. Theinstructioncacheis
entirelyunaffectedby theadditionof a registerbuffer.

As with theUNIREG configuration,theaveragememoryaccesstimewith theinclusion
of a registercacheis shorterthan the accesstime without the registercache. Figure6.3
shows theformulausedin calculatingthesetimes.Notethat theonly time themissrateof
thedatacacheis a considerationis whentheregistercachedoesnot containtherequested
dataaccess.

Method for Calculating Memory AccessTime for HARREG Caches

Tcycles � Iratio �� TL1 � Imiss � Tmem���
Dratio �� Treg � Rmiss �� TL1 � Dmiss � Tmem���

where

Imiss � instructioncachemissrate

Dmiss � datacachemissrate

Figure6.3: Methodfor calculatingaveragememoryaccesstime in cyclesfor HARREG caches.

thesameaddress.



CHAPTER6. NEW CACHESFORINCREASEDPERFORMANCE 74

HARREG CacheMiss Ratesand AccessTimes

Register+ Harvard Harvard
Instruction,
Data Size
(KB)

register
miss%

instr.
miss%

data
miss%

Time
(cycles)

instr.
miss%

data
miss%

Time
(cycles)

Dir ect Mapped Harvard Cache
1 26.38% 1.00% 48.78% 6.35 1.00% 23.49% 10.43
2 26.21% 0.62% 33.71% 4.87 0.62% 15.98% 7.72
4 26.21% 0.35% 22.19% 3.77 0.35% 10.15% 5.63
8 26.21% 0.20% 11.00% 2.71 0.20% 5.08% 3.82

16 26.21% 0.07% 6.81% 2.30 0.07% 2.93% 3.04
32 26.21% 0.03% 4.33% 2.07 0.03% 1.84% 2.65
64 26.21% 0.02% 3.16% 1.96 0.02% 1.39% 2.49

128 26.21% 0.01% 2.40% 1.89 0.01% 1.07% 2.38
Eight-way Associative Harvard Cache

1 26.14% 0.57% 47.23% 6.95 0.57% 14.90% 8.36
2 26.21% 0.28% 24.92% 4.57 0.28% 7.54% 5.35
4 26.21% 0.08% 10.33% 3.00 0.08% 3.48% 3.69
8 26.21% 0.02% 5.41% 2.47 0.02% 1.97% 3.08

16 26.21% 0.01% 3.19% 2.24 0.01% 1.21% 2.77
32 26.21% � 0.00% 2.22% 2.13 � 0.00% 0.90% 2.64
64 26.21% � 0.00% 1.81% 2.09 � 0.00% 0.75% 2.58

128 26.21% � 0.00% 1.61% 2.07 � 0.00% 0.68% 2.55

Table6.3: Miss ratesandaverageaccesstimesfor a Harvard cacheaugmentedwith a 256 byte
write through,write aroundregisterbuffer. The sizelisted is the sizefor the instructionanddata
cachesindividually. Eight-way associative datacacheaccesstimesslower thanthe corresponding
direct mappedcachetime areitalicized. The threerightmostcolumnsreproducethe resultsfrom
Table5.7.
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6.1.4 Summary

Adding a register buffer significantly improves the averagememoryaccesstime of both
unified andHarvard caches,particularlywith small direct mappedcaches.As the sizeof
thecachesincreasestheabsoluteimprovementfrom aregisterbuffer is reduced.Figure6.4
showsthistrendfor directmappedcaches(theHarvardandHARREG plotsfor 2K areentries
listedas1K in Table6.3sincethegraphshows thetotal sizefor eachcacheconfiguration).
Figure 6.4 also plots the averageaccesstimes for unified and Harvard cachesservicing
traditionalnatively compiledprograms.
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Figure6.4: Comparisonof UNIREG/HARREG with UNIFIED/HARVARD andtraditionalUNIFIED

andHARVARD results.Timesarefor directmappedcaches.Thefilled in pointsarefor Java bench-
marks;theoutlinedpointsarefor SPEC92benchmarks.

Threefactsarerevealedby Figure6.4. Adding a registerbuffer to a unifiedcachede-
creasestheaccesstime to thepoint wherea UNIREG cacheis fasterthana Harvardcache
for all the cachesizestested.This is somewhat surprisinggiven the decidedadvantagea
Harvardcachehasoveraunifiedcachebothfor traditionalprogramsandfor Javaprograms.
It underscoresthefundamentaldifferencebetweenthememoryprofile for a Java program
andthe memoryprofile for a traditionalcompiledprogram,assummarizedby the 30/70
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Java MemoryRule. A traditional programmakes 75% of its memoryaccessesto fetch
instructions.Isolatinginstructionsin a separatecachehasa large impacton performance.
Javaprograms,ontheotherhand,only make3/10of theirmemoryaccessesto fetchinstruc-
tions. The benefitsfrom a dedicatedinstructioncachearelessobvious. An optimization
to improve theaveragedataaccesstime, like addinga registerbuffer, givesa performance
boost.

Second,the HARREG configurationonly performsbetterthanthe UNIREG cachefor
caches16K andlarger, andperformsworsefor caches� 8K. Again, this pointsto thefact
thatdataaccessoptimizationsaremoreimportantthaninstructionaccessmodificationsfor
thememoryperformanceof Java programs.Moving high locality instructionaccessesinto
aseparatecacheis notmorebeneficialthanaddingaregisterbuffer whenthefastinstruction
accessesdo notoffsetahighdatacachemissrate.

Third, thepenaltyincurredby not having accessto fastregisterresourcesby theJVM
is high. Keepingin mindthattheSPEC92resultsimplicitly includedregisterscratchspace,
we gettheFair Hardware Rule:

Fair Hardware Rule: Under equalhardware resourcesJava programshave
fasteraveragememoryaccessesthantraditionalnative programs.

UNIREG alwayshasa fasteraverageaccesstime than the traditionalunified cache. For� 8K cachesHARREG is fasterthanthetraditionalHarvardcache.ThetraditionalHarvard
cacheis fasterfor cachessmallerthan8K.

6.2 Stack Cache

The operandstack is central to the computationperformedby the JVM—it is the only
scratchspaceavailable to the executionengine. All (operand)stackaccesses,by defini-
tion, hit thetop of thestack.Chapter4 reportedthatJava programsmake 10-40%of their
memoryaccessesto thetop of theoperandstack.Adding a smallstackcacheisolateshigh
locality stackaccessesandletsusexaminethelocality for therestof thedataaccesses.

6.2.1 Isolated StackCache

As with the registercachewe first look at the performanceof an isolatedstackcacheof
varioussizesto determinea goodsize to usein the otherexperiments.Like the register
cache,thestackcachewasassignedanaccesslatency of oneclock cycle. With thesmall
sizeof thecache,this is realistic. Thestackcacheis a write through,write arounddirect
mappedcachewith 8 bytesper line. Theline sizewaschosensuchthat line replacements
wouldnot forcelargeportionsof thecacheoutatonce.

Sincestackaccessesalways occur at the top of operandstacksand becauseJaphar
(theJVM usedto collectour data—seeChapter4) placesall operandstackscontiguously
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in memory, the stackcachebehaves circularly. As spaceruns out in the cache(a rare
occurrenceaswe’ll seebelow) andthe top of theoperandstackgrows incrementally, the
line to replacewrapsaroundto thebeginningof thecache.

AverageStack CacheMiss Ratesand AccessTimes

Size(bytes) Miss Rate Time (cycles)
64 0.000782% 38.52

128 0.000131% 38.52
256 0.000067% 38.52
512 0.000067% 38.52

Frequency: 23.43%

Table6.4: Miss ratesandaccesstimesfor anaverageof Java benchmarks.Thefrequency givenis
thepercentageof totalmemoryaccessespassedto thecache.

Table6.4shows themissrateandfrequency for thestackcacheover anaverageof the
Java programsused. Even for the tiny 64 byte stackcachethe missratewasminiscule.
Most of the misseswere compulsorymisses. An examinationof the cachelogs shows
that for 256 and512 byte cachesnot all of the cachelines wereused. Table6.5 lists the
maximumnumberof stackcachelinesusedby eachbenchmark.Most of thebenchmarks
wereefficiently cached(in termsof their operandstackaccesses)in 64 bytecaches.This
resultis summarizedby the25 � 64 Stack Rule:

25 � 64 Stack Rule: The25%of memoryaccessesmadeby Java programsto
operandstackscanbeefficiently cachedin 64 bytes.

Theincrediblylow stackcachemissrateindicatesthatstackaccesseshave a very high
locality of reference.Therearethe obvious reasonsfor this locality: dataon the stackis
alwayswritten beforebeingread,andany accessis alwayshappeningat the currenttop
of thestack.However, asdiscussedin Chapter2 theJVM specificationrequiresthateach
methodhave its own operandstack. It is not difficult to imaginethat in the processof
changingfrom onemethodinvocationto anotherthe top of the currentlyactive operand
stackis arbitrarily distantin physicalmemoryfrom thelastcurrentlyactive operandstack.
Suchstackhoppingwould leadto extra compulsorymissessincenew memoryaddresses
wouldneedto beloadedinto thecache.Thenumberof conflictmisseswouldalsobehigher
sinceit is equallyprobablethatthenew stacktopmapsto afilled cacheline asthatthenew
stacktopmapsto anavailableline in thecache.

Thefact thatthemissrateis very low, thatnot all of thelinesof largestackcachesare
used,andthat thenumberof compulsorymissesalwaysfalls shortof fifty is evidencethat
sucha problemdoesnot arisein Japhar. As mentionedabove, Japharimplementsoperand
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stackson a singlestack.Whena methodis invoked,a pointerto thebottomof thestackis
movedto theaddressabove thecurrenttop of thestack.Thetop of thestackthenbecomes
the new bottomof the stack. Whenthe methodreturnsthe pointersarereset. Therefore,
stackhoppingasmethodsareinvoked andreturnedis simply moving acrossa contiguous
block of memory.

Maximum Stack Lines Used,by Benchmark

Benchmark No. of Lines Used

compress 8
db 8
jack 8
javac 25
jess 8
linpack 8
mpegaudio 8
mtrt 8

Table6.5: Maximumnumberof stackcachelinesusedby differentJava benchmarks.

Sincenoneof thebenchmarksfill the256bytestackcache,we choseto usea256byte
directmappedcachefor all of theexperimentsthatcalledfor a stackcache.This is small
enoughthataddingit to achipwouldnotbeamajorcommitmentof chip realestate.

6.2.2 Unified Cacheand StackCache(STACKUNI)

Table6.6showsthemissratesfor aunifiedcacheaugmentedby astackcache.Thedramatic
increasein themissratefor theunifiedcachewhenaregisterbuffer wasaddedis notpresent
whena stackcacheis added.Themissratesfor theunifiedcacheareonly slightly higher
whena stackcacheis added.Sincestackaccessesarea largeportionof memoryaccesses
this is not intuitive. Takinghigh locality referencesoutof theunifiedcachenormallywould
decreasetheefficiency of thatcache.

Two explanationsarepossible.First,moving thestackaccessesoutof theunifiedcache
makes room for otherhigh locality accessessuchas instructions. More likely, the stack
accessesonly take up a small numberof bytesin a cache. In the unified cachethe stack
accesseslikely werealwayscontainedwithin a few cachelines.Moving themout freedup
thoselinesto beusedby otheraccesses.Thelossof high locality accesseswasoffsetby the
additionof a few cachelinesthatweretypically loaded.

Second,the stackcachedoesnot shieldthe unified cache,nor doesthe unified cache
backupthestackcache.Memoryaccessesareimmediatelydirectedtowardsonecacheor
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STACKUNI CacheMiss Ratesand AccessTimes

Stack + Unified Unified
Unified Size
(KB)

stack
miss%

unified
miss%

Time
(cycles)

unified
miss%

Time
(cycles)

Dir ect Mapped Unified Cache
1 � 0.00% 22.18% 11.20 21.22% 14.02
2 � 0.00% 16.04% 8.85 13.55% 10.19
4 � 0.00% 10.15% 6.60 8.27% 7.55
8 � 0.00% 5.36% 4.76 4.29% 5.56

16 � 0.00% 3.19% 3.93 2.57% 4.69
32 � 0.00% 1.96% 3.46 1.58% 4.20
64 � 0.00% 1.32% 3.21 1.04% 3.93

128 � 0.00% 1.02% 3.10 0.79% 3.80
Eight-way Associative Unified Cache

1 � 0.00% 15.03% 9.65 12.79% 11.18
2 � 0.00% 8.05% 6.60 6.76% 7.74
4 � 0.00% 3.91% 4.79 3.15% 5.68
8 � 0.00% 2.09% 4.00 1.67% 4.84

16 � 0.00% 1.25% 3.63 0.98% 4.45
32 � 0.00% 0.86% 3.46 0.67% 4.27
64 � 0.00% 0.69% 3.39 0.53% 4.19

128 � 0.00% 0.60% 3.35 0.47% 4.15

Table6.6: Missratesandaverageaccesstimesfor aunifiedcacheaugmentedwith a256bytedirect
mappedwrite through,write aroundstackcache.Eight-way associative unifiedcacheaccesstimes
slower thanthecorrespondingdirectmappedcachetimesareitalicized.Thetwo rightmostcolumns
reproducetheresultsfrom Table5.7.
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theother. Whereasthe registercachefiltered all of thehigh locality datareferencesfrom
theunifiedandHarvardcachesit fronted,thestackcacheallowsany non-stackhigh locality
datareferencesthrough.

The averagememoryaccesstimes were calculatedusing the formula shown in Fig-
ure6.5. Adding thestackcacheimprovestheaccesstime, particularlyfor thesmalleruni-
fied caches.Eventhoughtheimprovementin numberof cyclesis lessfor eight-way asso-
ciativeSTACKUNI caches,asapercentageof theaccesstimefor aunifiedcache,STACKUNI

cacheshave a 10%fasteraccesstime.

Method for Calculating Memory AccessTime for STACKUNI Caches

Tcycles � Iratio �� TL1 � Umiss � Tmem���
Sratio �� Tstack � Smiss � Tmem���
� Dratio � Sratio ���� TL1 � Umiss � Tmem�

where

Sratio � ratio of stackaccessesto totalnumberof accesses

Smiss � stackcachemissrate

Tstack � time to accessthestackcache

Figure6.5: Methodfor calculatingaveragememoryaccesstime in cyclesfor STACKUNI caches.

6.2.3 Harvard Cacheand StackCache(STACKHARVARD)

Adding a stackcacheto a Harvard cacheincreasedthe missrate for the datacache(see
Table6.7),muchmorethanthecorrespondingunifiedcachemissrateincrease.Theremoval
of stackaccessesonceinstructionaccesseshave alreadybeenmovedleavesthedatacache
with lesslocalmemoryaccesses.

Method for Calculating Memory AccessTime for STACKHARVARD Caches

Tcycles � Iratio �� TL1 � Imiss � Tmem���
Sratio �� Tstack � Smiss � Tmem���
� Dratio � Sratio ����� TL1 � Dmiss � Tmem�

Figure6.6: Methodfor calculatingaveragememoryaccesstime in cycles for STACKHARVARD

caches.

Figure6.6shows theformulausedto calculatetheaveragememoryaccesstimes. De-
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STACKHARVARD CacheMiss Ratesand AccessTimes

Stack + Harvard Harvard
Instruction,
Data Size
(KB)

stack
miss%

instr.
miss%

data
miss%

Time
(cycles)

instr.
miss%

data
miss%

Time
(cycles)

Dir ect Mapped Harvard Cache
1 � 0.00% 1.00% 29.74% 8.91 1.00% 23.49% 10.43
2 � 0.00% 0.62% 21.12% 6.83 0.62% 15.98% 7.72
4 � 0.00% 0.35% 13.95% 5.10 0.35% 10.15% 5.63
8 � 0.00% 0.20% 7.16% 3.48 0.20% 5.08% 3.82

16 � 0.00% 0.07% 4.13% 2.75 0.07% 2.93% 3.04
32 � 0.00% 0.03% 2.62% 2.39 0.03% 1.84% 2.65
64 � 0.00% 0.02% 2.01% 2.24 0.02% 1.39% 2.49

128 � 0.00% 0.01% 1.60% 2.14 0.01% 1.07% 2.38
Eight-way Associative Harvard Cache

1 � 0.00% 0.57% 19.75% 7.41 0.57% 14.90% 8.36
2 � 0.00% 0.28% 10.14% 4.78 0.28% 7.54% 5.35
4 � 0.00% 0.08% 4.87% 3.33 0.08% 3.48% 3.69
8 � 0.00% 0.02% 2.81% 2.77 0.02% 1.97% 3.08

16 � 0.00% 0.01% 1.78% 2.49 0.01% 1.21% 2.77
32 � 0.00% � 0.00% 1.34% 2.37 � 0.00% 0.90% 2.64
64 � 0.00% � 0.00% 1.14% 2.32 � 0.00% 0.75% 2.58

128 � 0.00% � 0.00% 1.02% 2.29 � 0.00% 0.68% 2.55

Table6.7: Miss ratesandaverageaccesstimesfor a Harvard cacheaugmentedwith a 256 byte
directmappedwrite through,write aroundstackcache.Thesizelistedis thesizefor theinstruction
anddatacachesindividually. Eight-way associative datacacheaccesstimesslower thanthecorre-
spondingdirectmappedcachetimeareitalicized.Thethreerightmostcolumnsreproducetheresults
from Table5.7.
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spitethehigherdatacachemissrate,theadditionof a stackcachereducestheaccesstime
for all cachesizes.

6.2.4 Summary

The inclusionof a stackcacheimprovestheaveragememoryaccesstime for bothunified
and Harvard caches. Despitehaving the sameaccesslatency as the register buffer, the
additionof astackcachedoesnotresultin aslargeaperformanceboost.Thebenefitsof the
stackcache,with its extremelylow missrate,aretemperedby stackaccessescomprising
only 25%of totalmemoryaccesses.In contrast,theregisterbuffer sees70%of all memory
accesses;its onecycle accesstime is usedmuchmore frequently. Although the register
buffer hasa muchhighermissrate,it is backed up by a level onecache(unified or data).
The penaltyfor missingthe registerbuffer on a memoryaccessis muchsmallerthanthe
penaltyfor missingthestackcache.

Figure6.7 comparesthe performanceof unified andHarvard cacheswith eachother
whena stackcacheis used.As with unified andHarvard caches,STACKUNI hasa faster
accesstimethanSTACKHARVARD whenthecachesizeis lessthan16K.For 16K andlarger
cachestheseparationof instructionsinto a dedicatedcacheis worthwhile—supportingthe
16K InstructionRulepresentedin Chapter5.

The STACKUNI cacheoutperformsthe Harvard cachefor cachessmaller than 16K.
As with the register buffer, an optimization for dataaccessesis more valuablethan an
optimizationfor instructionaccesses.Oncethe Harvard cache’s datacacheis larger than
8K (16K total Harvardcachesize)it outperformstheSTACKHARVARD cachesinceit then
hasthespaceto hold thestackaccessesaswell astheotherdataaccesseswithout toomuch
conflict.

6.3 ConstantCache

Anywherefrom 2-11%of memoryaccesseshit the JVM’s constantpools. In additionto
storingconstantdatavalues,thesepoolscontainthelookuptablesfor methodsandinstance
variableoffsets. A constantpool in a classmay not be all that large for mostprograms,
andmight beefficiently bufferedin a smalldedicateddirectmappedconstantcache.This
could createa relative locality of referenceamongstconstantpool accessessincemostof
theconstantdatawouldbein thecache.

First we testeda constantcachein isolationto get an ideaof the locality of constant
accesses.A constantcachewasthenaddedto bothunifiedandHarvardcachesto determine
if any performanceboostwasaddedby isolatingconstantvalues.Thelatency of accessing
the constantcachewas set to two clock cycles sincethe cachesizesare larger than the
registerbuffer andstackcachesizes.Only constantpooldataaccesseswererequestedfrom
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Figure6.7: Comparisonof directmappedSTACKUNI andSTACKHARVARD.
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theconstantcache.

6.3.1 Isolated ConstantCache

After somepreliminaryexperimentswe found that extremelysmall constantcacheswere
notperformingwell. Therefore,weextendedtheuppersizelimit onconstantcachesto 2K.
Thecachesweredirectmappedwith 16 bytecachelines.For thelargercaches8 byteswas
absurdlyshort; for the smallercaches32 byteswould have beenequallyridiculous. The
write policy usedwaswrite back,write fetch,adecisionthatdeservesanexplanation.

Constantpool datais only written to once,whenit is initialized. Therefore,thechoice
of whetheror not to usea write throughor write backpolicy is inconsequential:writes
will be infrequent.Write fetch is normallyaccompaniedby write back,sowrite backwas
chosenover write through.

The write fetch write miss policy fetchesthe addressin memorywhen it is written
to. Sinceall of theaccessesdirectedto theconstantcacheareconstantpool accesses,any
write, missor otherwise,is aninitialization write. Initialization frequentlyprecedesusage.
For example,whenthe JVM during the translationof a programfinds an unloadedclass
referenced,it goesandloadsthemissingclass.Onceit is loadedexecutionproceedswith
usingthatclass.Similarly, thefirst time a methodis executedit needsto beresolved, that
is, initialized in theconstantpool. Following on a write missthereis a reasonablechance
that whatever wasjust initialized is going to be usedimmediately. As such,fetchingthe
memoryvalueinto theconstantcachepreparesfor thatpossibility.

AverageConstantCacheMiss Ratesand AccessTimes

Size(bytes) Miss Rate Time (cycles)
64 26.93% 47.42

128 20.33% 47.17
256 15.70% 47.00
512 10.76% 46.81

1024 5.88% 46.63
2048 4.38% 46.58

Frequency: 7.47%

Table6.8: Miss ratesandaccesstimesfor anaverageof Java benchmarks.Thefrequency givenis
thepercentageof totalmemoryaccessespassedto thecache.

Increasingthecachesizefrom 64 bytesto 1024bytesmakesa big improvementin the
missrateof thecache(seeTable6.8). Moving from 1K to 2K doesnot yield sucha large
improvement.Theexperimentsthatusea constantcacheusea 512bytecacheidenticalto
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thatusedin the isolatedconstantcacheexperiment.Thesizewaschosenso that it would
alwaysbesmallerthantheunifiedandHarvardcachesbeingaugmented.

The impact of the constantcacheon averagememoryaccesstime is limited by the
numberof constantpool accessesmade.On average,only 7% of memoryaccessesoccur
within aconstantpool.

6.3.2 Unified Cacheand ConstantCache(CONSTUNI)

Themissratesfor a unifiedcacheaugmentedby a constantcacheareshown in Table6.9.
Like the additionof a stackcache,the miss ratesfor the unified cachearevirtually un-
changed.This is hardly surprisinggiven that constantaccessesonly make up 7% of all
memoryaccesses.However, moving constantpool accessesto a separatecacheimproves,
that is, reducesthe missrate for the unified cache. This indicatesthat constantaccesses
have particularlylow locality of reference,leadingusto theConstantLocality Rule:

ConstantLocalityRule:Accessingconstantpooldatahasextremelylow local-
ity of referencedueto infrequentuseof constantsandthedivision of constant
databy class (eachclass hasits own constantpool).

Removing constantaccessesfrom thegeneralunifiedcachereducedcachepollution.
Figure6.8givestheformulausedto calculatetheaveragememoryaccesstimesshown.

The averagememoryaccesstimesfor the CONSTUNI cachesare initially betterthanthe
unifiedcacheaccesstimes.However, astheunifiedcacheincreasesin sizeandits missrate
decreases,the relatively high miss rateof the constantcachebecomesa handicaprather
thananadvantage.Whentheunifiedcacheis 16K in size(8K for theeight-way associative
unifiedcache),theaccesstime is nearlyidenticalwith or without theconstantcache.For
larger caches,the unified cacheswithout the constantcachehave a slightly betteraccess
time. Table6.9marksthesecaseswith a ’*’.

Method for Calculating Memory AccessTime for CONSTUNI Caches

Tcycles � Iratio ��� TL1 � Umiss � Tmem���
Cratio �� TL1 � Cmiss � Tmem���
� Dratio � Cratio ����� TL1 � Umiss � Tmem�

where

Cratio � ratioof constantpoolaccessesto totalnumberof accesses

Cmiss � constantcachemissrate

Figure6.8: Methodfor calculatingaveragememoryaccesstime in cyclesfor CONSTUNI caches.
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CONSTUNI CacheMiss Ratesand AccessTimes

Constant + Unified Unified
Unified Size
(KB)

constant
miss%

unified
miss%

Time
(cycles)

unified
miss%

Time
(cycles)

Dir ect Mapped Unified Cache
1 10.76% 20.34% 13.07 21.22% 14.02
2 10.76% 12.22% 9.32 13.55% 10.19
4 10.76% 7.05% 6.92 8.27% 7.55
8 10.76% 3.73% 5.39 4.29% 5.56

16 10.76% 2.23% *4.69 2.57% 4.69
32 10.76% 1.45% *4.34 1.58% 4.20
64 10.76% 0.95% *4.10 1.04% 3.93

128 10.76% 0.76% *4.01 0.79% 3.80
Eight-way Associative Unified Cache

1 10.76% 11.54% 10.26 12.79% 11.18
2 10.76% 5.92% 7.30 6.76% 7.74
4 10.76% 2.71% 5.60 3.15% 5.68
8 10.76% 1.47% *4.95 1.67% 4.84

16 10.76% 0.88% *4.64 0.98% 4.45
32 10.76% 0.62% *4.50 0.67% 4.27
64 10.76% 0.52% *4.45 0.53% 4.19

128 10.76% 0.46% *4.42 0.47% 4.15

Table6.9: Miss ratesandaverageaccesstimes for a unified cacheaugmentedwith a 512 byte
direct mappedwrite back,write fetch constantcache.Eight-way associative unified cacheaccess
timesslower thanthe correspondingdirect mappedcachetimesareitalicized. The two rightmost
columnsreproducetheresultsfrom Table5.7.Cachesizesfor whichtheadditionof aconstantcache
resultsin a sloweraccesstimearemarkedby ’*’.
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6.3.3 Harvard Cacheand ConstantCache(CONSTHARVARD)

Table6.10lists themissratesfor a Harvardcachewith andwithout a constantcache.Like
the CONSTUNI cache,thedatacacheaugmentedby a constantcachehasa slightly better
missratethanthedatacachewithouttheconstantcache.Theinstructioncacheis unchanged
sinceit only receivesinstructionaccesses.Theformulausedto calculatetheaverageaccess
time is givenin Figure6.9.

Method for Calculating Memory AccessTime for CONSTHARVARD Caches

Tcycles � Iratio �� TL1 � Imiss � Tmem���
Cratio ��� TL1 � Cmiss � Tmem���
� Dratio � Cratio ���� TL1 � Dmiss � Tmem�

Figure6.9: Methodfor calculatingaveragememoryaccesstime in cycles for CONSTHARVARD

caches.

Theaveragememoryaccesstimesalsobehavesimilarly asthey did with theCONSTUNI

cache.Initially, they arebetterfor theCONSTHARVARD cache.This is expected,giventhat
the constantcachefilters somecachepollution out of the critical datacacheandthat the
CONSTHARVARD cachehasa 512 byte size advantageover the Harvard cache. Larger
CONSTHARVARD cachesarepenalizedby thehighmissrateof theconstantcache,leading
to anaccesstime slightly worsethanthatof theHarvardcache.

6.3.4 Summary

Figure6.10pictorially supportstheobservationsmadeabove. An initial advantagegivenby
theconstantcacheis eventuallyadisadvantage.While thecachesizeis lessthan8K, CON-
STUNI andCONSTHARVARD arefasterthanunified andHarvard caches.At sizeslarger
than8K unifiedandHarvardcacheswithout constantcachesarefaster. Theusefulnessof
separatingout constantpool datainto a dedicatedcacheis questionable,unlessthecache
is larger thanthat usedin theseexperiments.However, allocatinga lot of precioushard-
wareresourcesto a cachethat is only used7% of thetime is not worthwhileaccordingto
Amdahl’s Law:

The performanceimprovementto be gainedfrom usingsomefastermodeof
executionis limited by thefractionof thetimethefastermodecanbeused[26].

This principle wasfirst expressedby Amdahl in a paperaddressingthe limits of parallel
computation[3].

CONSTUNI andCONSTHARVARD cachesdonotquitefollow the16KInstructionRule:
thesizeatwhichseparatinginstructionsbecomesvaluableis 8K, not16K.This is dueto the
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CONSTHARVARD CacheMiss Ratesand AccessTimes

Constant+ Harvard Harvard
Instruction,
Data Size
(KB)

constant
miss%

instr.
miss%

data
miss%

Time
(cycles)

instr.
miss%

data
miss%

Time
(cycles)

Dir ect Mapped Harvard Cache
1 10.76% 1.00% 22.48% 9.63 1.00% 23.49% 10.43
2 10.76% 0.62% 14.53% 7.07 0.62% 15.98% 7.72
4 10.76% 0.35% 8.74% 5.21 0.35% 10.15% 5.63
8 10.76% 0.20% 4.41% *3.82 0.20% 5.08% 3.82

16 10.76% 0.07% 2.53% *3.21 0.07% 2.93% 3.04
32 10.76% 0.03% 1.72% *2.95 0.03% 1.84% 2.65
64 10.76% 0.02% 1.31% *2.82 0.02% 1.39% 2.49

128 10.76% 0.01% 1.06% *2.74 0.01% 1.07% 2.38
Eight-way Associative Harvard Cache

1 10.76% 0.57% 13.48% 7.68 0.57% 14.90% 8.36
2 10.76% 0.28% 6.62% 5.16 0.28% 7.54% 5.35
4 10.76% 0.08% 3.01% *3.83 0.08% 3.48% 3.69
8 10.76% 0.02% 1.77% *3.38 0.02% 1.97% 3.08

16 10.76% 0.01% 1.15% *3.15 0.01% 1.21% 2.77
32 10.76% � 0.00% 0.90% *3.06 � 0.00% 0.90% 2.64
64 10.76% � 0.00% 0.76% *3.01 � 0.00% 0.75% 2.58

128 10.76% � 0.00% 0.70% *2.99 � 0.00% 0.68% 2.55

Table6.10: Miss ratesandaverageaccesstimesfor a Harvardcacheaugmentedwith a 512byte
directmappedwrite back,write fetchconstantcache.Thesizelisted is thesizefor the instruction
anddatacachesindividually. Eight-way associative datacacheaccesstimesslower thanthecorre-
spondingdirectmappedcachetimeareitalicized.Thethreerightmostcolumnsreproducetheresults
from Table5.7. Cachesizesfor which the additionof a constantcacheresultsin a slower access
time aremarkedby ’*’.
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improveddatacachemissrate(thanksto theremoval of constantpool accessesandcache
pollution).

Constuni/Constharvard Performance
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Figure6.10: Comparisonof CONSTUNI andCONSTHARVARD with UNIFIED andHARVARD (di-
rectmappedunifiedandHarvardcaches).

6.4 Mix and Match Caches:An Evaluation

This sectionlooks at the variouscombinationsof alternative cachingconfigurations.Al-
thoughSection6.3 showed that the constantcacheis not an improvementfor mediumto
largecaches,it is includedasa possibility in theseresultsfor completeness.Theformulas
usedto calculatethemeanmemoryaccesstimesfor thevariousconfigurationsfollow the
principlesusedearlierin thechapterandaresummarizedin Figure6.11.Stackandregister
cacheshave a onecycle latency; all othercachesareassigneda two cycleaccesslatency.

6.4.1 Unified, Stack,and RegisterCaches(STACKUNIREG)

Table6.11lists themissratesfor thecachescomprisingtheSTACKUNIREG configuration.
As expected,themissratesfor theregisterbuffer andfor theunifiedcachearehigherwith
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Formulas for Calculating Memory AccessTime for Hybrid Caches

CONSTHARREG

Tcycles � Iratio �� TL1  Imiss � Tmem!� 
Cratio ��� TL1  Cmiss � Tmem!� 
� Dratio " Cratio !��� Treg  Rmiss �� TL1  Dmiss � Tmem!�!

CONSTSTACKHARREG

Tcycles � Iratio �� TL1  Imiss � Tmem!� 
Cratio ��� TL1  Cmiss � Tmem!� 
Sratio �� Tstack  Smiss � Tmem!� 
� Dratio " Cratio " Sratio !��� Treg  Rmiss �� TL1  Dmiss � Tmem!�!

CONSTSTACKHARVARD

Tcycles � Iratio �� TL1  Imiss � Tmem!� 
Cratio ��� TL1  Cmiss � Tmem!� 
Sratio �� Tstack  Smiss � Tmem!� 
� Dratio " Cratio " Sratio !��� TL1  Dmiss � Tmem!

CONSTSTACKUNI

Tcycles � Iratio �� TL1  Umiss � Tmem!� 
Cratio ��� TL1  Cmiss � Tmem!� 
Sratio �� Tstack  Smiss � Tmem!� 
� Dratio " Cratio " Sratio !��� TL1  Umiss � Tmem!

CONSTUNIREG

Tcycles Iratio �� TL1  Umiss � Tmem!� 
Cratio ��� TL1  Cmiss � Tmem!� 
� Dratio " Cratio !��� Treg  Rmiss �� 2TL1  Umiss � Tmem!�!

STACKHARREG

Tcycles � Iratio �� TL1  Imiss � Tmem!� 
Sratio �� Tstack  Smiss � Tmem!� 
� Dratio " Sratio !���� Treg  Rmiss �� TL1  Dmiss � Tmem!�!

STACKUNIREG

Tcycles � Iratio �� TL1  Umiss � Tmem!� 
Sratio �� Tstack  Smiss � Tmem!� 
� Dratio " Sratio !���� Treg  Rmiss �� TL1  Umiss � Tmem!�!

Figure6.11:Formulasfor calculatingaveragememoryaccesstime in cyclesfor hybridcaches.
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theadditionof a stackcache.The highly local stackaccessessignificantlycontributed to
thehit rateof thedatacachesandregistercaches.For purposesof comparison,theaccess
timesfor STACKUNI andUNIREG cachesareincludedin Table6.11.

STACKUNIREG CacheMiss Ratesand AccessTimes

Stack + Register+ Unified Stack +
Unified

Register
+ Unified

Unified Size
(KB)

stack
miss%

register
miss%

unified
miss%

Time (cycles)

Dir ect Mapped Unified Cache
1 # 0.00% 35.45% 24.65% 7.66 11.20 9.46
2 # 0.00% 35.34% 18.75% 6.29 8.85 6.78
4 # 0.00% 35.34% 12.15% 4.76 6.60 5.08
8 # 0.00% 35.34% 7.28% 3.64 4.76 3.64

16 # 0.00% 35.34% 4.68% 3.04 3.93 3.05
32 # 0.00% 35.34% 2.83% 2.61 3.46 2.66
64 # 0.00% 35.34% 1.85% 2.39 3.21 2.43

128 # 0.00% 35.34% 1.37% 2.28 3.10 2.33
Eight-way Associative Unified Cache

1 # 0.00% 35.37% 21.79% 7.97 9.65 9.69
2 # 0.00% 35.34% 12.69% 5.57 6.60 6.52
4 # 0.00% 35.34% 6.40% 3.92 4.79 4.13
8 # 0.00% 35.34% 3.53% 3.16 4.00 3.20

16 # 0.00% 35.34% 2.10% 2.79 3.63 2.81
32 # 0.00% 35.34% 1.40% 2.60 3.46 2.64
64 # 0.00% 35.34% 1.14% 2.53 3.39 2.58

128 # 0.00% 35.34% 1.00% 2.50 3.35 2.54

Table6.11:Missratesandaverageaccesstimesfor aunifiedcacheaugmentedwith aregisterbuffer
anda stackcache.Eight-way associative unifiedcacheaccesstimesslower thanthecorresponding
direct mappedcachetimesareitalicized. The two rightmostcolumnssummarizethe resultsfrom
Tables6.6and6.2.

The additionof a registercachesignificantly improves cacheperformancecompared
to the STACKUNIFIED configuration. This is not surprisinggiven the performanceboost
addedby a registerbuffer. Comparedto the UNIREG cachethe STACKUNIREG cacheis
faster. As thesizeof thecachesinvolved increases,thedifferencedecreases.For a 128K
direct mappedUNIREG cache,addinga stackcacheonly shaves0.05clock cyclesoff of
theaveragememoryaccesstime. Theeight-wayassociative UNIREG cacheexperiencesthe
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improvementslowdown at16K.

6.4.2 Harvard, Stack,and RegisterCaches(STACKHARREG)

The effects of addinga stackcacheto a register buffered Harvard cachecanbe seenin
Table6.12.As with theSTACKUNIREG cache,theregistercachemissratejumpsto roughly
35% with the additionof a stackcache.Deprived of both stackaccessesandinstruction
accesses,thedatacachebackingup theregisterbuffer hasvery high missrates,especially
for smallcaches.

Comparedto theSTACKHARVARD cache,theSTACKHARREG cachehasasignificantly
fasteraccesstime. This is not thecasewhencomparedto theHARREG cache.For almost
all cachesizesthe HARREG cacheperformsbetterthana STACKHARREG cache(marked
by ’*’ in Table6.12). Given that both the stackcacheandthe registercachehave access
timesof onecycle, it is surprisingthattheadditionof a stackcacheslows down theaccess
time.

A possibleexplanationis thatby isolatingstackaccessesandincreasingthemissrate
of theregistercacheandthedatacache,STACKHARREG gainsstackaccessperformanceat
theexpenseof otherdataaccessspeed.STACKUNIREG doesnot suffer this problemsince
thehit rateof theunifiedcacheis helpedby theinclusionof instructionaccesses.

6.4.3 Unified, Constant,and RegisterCaches(CONSTUNIREG)

Table6.13lists theresultsobtainedwhena constantcachewasaddedto a UNIREG cache.
Separatingtheconstantpool accessesfrom thedataaccessessentto theregistercacheim-
provesthemissratefor theregisterbuffer andfor theunifiedcache(althoughtheimprove-
ment for the unified cacheis small; seeTable6.2). This supportsthe ConstantLocality
Rule. Sinceconstantpool accessescomprise7% of all memoryaccesses,theseaccesses
have low temporallocality comparedto thewholepool of memoryaccesses.Isolatingthe
constantaccessesremovescachepollution from theregisterbuffer.

Averagememoryaccesstimesarealsobetterfor theCONSTUNIREG cachethaneither
the CONSTUNI cacheor the UNIREG cache—forsmall unified caches. Direct mapped
UNIREG cacheslarger than4K performbetterthansimilarly sizedCONSTUNIREG caches.
The performanceof the unified and register cachesin CONSTUNIREG are aidedby the
removal of constantpool accesses;however, theconstantcachehasa missrateover 10%.
Whentheregisterandunifiedcachesareyieldingafastaverageaccesstime,theasymptotic
time for thewholeconfigurationis determinedby thehigh missrate(andconsequenthigh
averageaccesstime) of theconstantcache.
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STACKHARREG CacheMiss Ratesand AccessTimes

Stack + Register+ Harvard Stack +
Harvard

Register
+ Har-
vard

Instruction,
Data Size
(KB)

stack
miss%

register
miss%

instr.
miss%

data
miss%

Time (cycles)

Dir ect Mapped Harvard Cache
1 # 0.00% 35.40% 1.00% 54.82% 6.34 8.91 6.35
2 # 0.00% 35.34% 0.62% 41.72% *5.19 6.83 4.87
4 # 0.00% 35.34% 0.35% 27.71% *3.98 5.10 3.77
8 # 0.00% 35.34% 0.20% 16.16% *3.00 3.48 2.71

16 # 0.00% 35.34% 0.07% 10.29% *2.49 2.75 2.30
32 # 0.00% 35.34% 0.03% 6.61% *2.18 2.39 2.07
64 # 0.00% 35.34% 0.02% 4.93% *2.04 2.24 1.96

128 # 0.00% 35.34% 0.01% 3.85% *1.95 2.14 1.89
Eight-way Associative Harvard Cache

1 # 0.00% 35.36% 0.57% 47.99% 6.50 7.41 6.95
2 # 0.00% 35.34% 0.28% 27.15% 4.48 4.78 4.57
4 # 0.00% 35.34% 0.08% 13.84% *3.18 3.33 3.00
8 # 0.00% 35.34% 0.02% 8.34% *2.65 2.77 2.47

16 # 0.00% 35.34% 0.01% 5.19% *2.35 2.49 2.24
32 # 0.00% 35.34% # 0.00% 3.88% *2.22 2.37 2.13
64 # 0.00% 35.34% # 0.00% 3.31% *2.17 2.32 2.09

128 # 0.00% 35.34% # 0.00% 2.97% *2.14 2.29 2.07

Table6.12: Miss ratesandaverageaccesstimesfor a Harvard cacheaugmentedwith a register
buffer anda stackcache. Eight-way associative Harvard cacheaccesstimesslower thanthe cor-
respondingdirect mappedcachetimesare italicized. The two rightmostcolumnssummarizethe
resultsfrom Tables6.7and6.3. WhereSTACKHARREG hasa sloweraccesstime thanHARREG the
time is markedwith a ’*’.
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CONSTUNIREG CacheMiss Ratesand AccessTimes

Constant+ Register+ Unified Constant
+ Unified

Register
+ Unified

Unified Size
(KB)

constant
miss%

register
miss%

unified
miss%

Time (cycles)

Dir ect Mapped Unified Cache
1 10.76% 23.57% 30.42% 9.11 13.07 9.46
2 10.76% 23.27% 19.48% 6.66 9.32 6.78
4 10.76% 23.27% 11.99% 5.01 6.92 5.08
8 10.76% 23.27% 6.11% *3.71 5.39 3.64

16 10.76% 23.27% 3.78% *3.19 4.69 3.05
32 10.76% 23.27% 2.53% *2.92 4.34 2.66
64 10.76% 23.27% 1.57% *2.70 4.10 2.43

128 10.76% 23.27% 1.03% *2.59 4.01 2.33
Eight-way Associative Unified Cache

1 10.76% 23.48% 25.72% 9.19 10.26 9.69
2 10.76% 23.27% 15.41% *6.57 7.30 6.52
4 10.76% 23.27% 6.41% *4.30 5.60 4.13
8 10.76% 23.27% 3.56% *3.58 4.95 3.20

16 10.76% 23.27% 1.99% *3.19 4.64 2.81
32 10.76% 23.27% 1.32% *3.02 4.50 2.64
64 10.76% 23.27% 0.91% *2.92 4.45 2.58

128 10.76% 23.27% 0.80% *2.89 4.42 2.54

Table 6.13: Miss ratesand averageaccesstimes for a unified cacheaugmentedwith a register
buffer anda constantcache.Eight-way associative unifiedcacheaccesstimesslower thanthecor-
respondingdirect mappedcachetimesare italicized. The two rightmostcolumnssummarizethe
resultsfrom Tables6.9 and6.2. WhereCONSTUNIREG hasa slower accesstime thanUNIREG the
time is markedwith a ’*’.
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6.4.4 Harvard, Constant,and RegisterCaches(CONSTHARREG)

Addingaconstantcacheto aHARREG cachehadthesameeffectasaddingaconstantcache
to aUNIREG cache.Table6.14shows thattheregisterbuffer andthedatacachehave lower
missrateswith the additionof a constantcache.The removal of constantaccessesfrom
thesecachesreducescachepollution.

For smallcachestheadditionof aconstantcacheimprovestheaveragememoryaccess
time. As the sizeof the datacacheincreasesandthe performanceof the datacacheim-
proves,however, theaverageaccesstime is moreandmoreimpactedby thehigh missrate
of theconstantcache.For largecachestheHARREG cacheoutperformstheCONSTHARREG

cache.

6.4.5 Unified, Constant,and StackCaches(CONSTSTACKUNI)

The CONSTSTACKUNI cacheconsiderstheeffect of non-registerauxiliary caches.If very
simplecachesaredesired,the eight-way associativity of the registerbuffer might be un-
desirable.Table6.15 shows the resultsfor the cachecomparedwith the CONSTUNI and
STACKUNI caches.Referringbackto Tables6.6and6.9we seethattheCONSTSTACKUNI

configuration’s unifiedcachehasamissratebetweenthatof theCONSTUNI andSTACKUNI

configurations.As with theothercacheconfigurationscontainingaconstantcache,thelow
locality constantaccessesareisolated,removing cachepollution from theunifiedcache.

Theaccesstimesfor theCONSTSTACKUNI cachearefasterthantheaccesstimesfor the
CONSTUNI cachefor all cachesizes.Comparedto theSTACKUNI cache,theaccesstimes
arefasterfor smallerunifiedcaches.Again we seethat thehigh missrateof theconstant
cachecomesto dominatetheaccesstime for theconfigurationfor largeunifiedcaches.

6.4.6 Harvard, Constant,and StackCaches(CONSTSTACKHARVARD)

As with the CONSTSTACKUNI experimentthe CONSTSTACKHARVARD experimentdoes
not usea registerbuffer to improve datamemoryaccesses.ComparingTables6.7and6.10
to Table6.16 we seethat the combinationof a constantcacheanda stackcacheresults
in a datacachemiss rate betweenthat of a CONSTHARVARD datacachemiss rate and
STACKHARVARD datacachemissrate.

The CONSTSTACKHARVARD cachehasa betteraveragememoryaccesstime thanthe
CONSTHARVARD cachefor all cachesizes.For smallcachestheCONSTSTACKHARVARD

cachehasafasteraccesstimethantheSTACKHARVARD cache;for largercachestheSTACK-
HARVARD cachehasaslightly fasteraccesstime.
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CONSTHARREG CacheMiss Ratesand AccessTimes

Constant+ Register+ Harvard Const +
Harvard

Register
+ Har-
vard

Instruction,
Data Size
(KB)

stack
miss%

register
miss%

instr.
miss%

data
miss%

Time (cycles)

Dir ect Mapped Harvard Cache
1 10.76% 23.56% 1.00% 50.13% 5.94 9.63 6.35
2 10.76% 23.27% 0.62% 35.32% 4.75 7.07 4.87
4 10.76% 23.27% 0.35% 22.34% 3.75 5.21 3.77
8 10.76% 23.27% 0.20% 10.34% *2.85 3.82 2.71

16 10.76% 23.27% 0.07% 6.18% *2.52 3.21 2.30
32 10.76% 23.27% 0.03% 4.27% *2.38 2.95 2.07
64 10.76% 23.27% 0.02% 3.13% *2.30 2.82 1.96

128 10.76% 23.27% 0.01% 2.13% *2.22 2.74 1.89
Eight-way Associative Harvard Cache

1 10.76% 23.53% 0.57% 46.54% 6.39 7.68 6.95
2 10.76% 23.27% 0.28% 26.33% *4.60 5.16 4.57
4 10.76% 23.27% 0.08% 10.46% *3.24 3.83 3.00
8 10.76% 23.27% 0.02% 6.47% *2.90 3.38 2.47

16 10.76% 23.27% 0.01% 3.61% *2.66 3.15 2.24
32 10.76% 23.27% # 0.00% 2.72% *2.58 3.06 2.13
64 10.76% 23.27% # 0.00% 2.01% *2.52 3.01 2.09

128 10.76% 23.27% # 0.00% 1.71% *2.50 2.99 2.07

Table6.14: Miss ratesandaverageaccesstimesfor a Harvard cacheaugmentedwith a register
buffer and a constantcache. Eight-way associative Harvard cacheaccesstimes slower than the
correspondingdirectmappedcachetimesareitalicized.Thetwo rightmostcolumnssummarizethe
resultsfrom Tables6.10and6.3. WhereCONSTHARREG hasa slower accesstime thanHARREG

thetime is markedwith a ’*’.
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CONSTSTACKUNI CacheMiss Ratesand AccessTimes

Constant+ Stack + Unified Stack +
Unified

Constant
+ Unified

Unified Size
(KB)

stack
miss%

constant
miss%

unified
miss%

Time (cycles)

Dir ect Mapped Unified Cache
1 # 0.00% 10.76% 21.09% 10.24 11.20 13.07
2 # 0.00% 10.76% 14.54% 7.98 8.85 9.32
4 # 0.00% 10.76% 8.75% 5.98 6.60 6.92
8 # 0.00% 10.76% 4.74% 4.60 4.76 5.39

16 # 0.00% 10.76% 2.83% *3.94 3.93 4.69
32 # 0.00% 10.76% 1.84% *3.60 3.46 4.34
64 # 0.00% 10.76% 1.24% *3.39 3.21 4.10

128 # 0.00% 10.76% 1.02% *3.31 3.10 4.01
Eight-way Associative Unified Cache

1 # 0.00% 10.76% 13.89% 8.84 9.65 10.26
2 # 0.00% 10.76% 7.17% 6.20 6.60 7.30
4 # 0.00% 10.76% 3.45% 4.73 4.79 5.60
8 # 0.00% 10.76% 1.90% *4.12 4.00 4.95

16 # 0.00% 10.76% 1.16% *3.83 3.63 4.64
32 # 0.00% 10.76% 0.83% *3.70 3.46 4.50
64 # 0.00% 10.76% 0.71% *3.65 3.39 4.45

128 # 0.00% 10.76% 0.63% *3.62 3.35 4.42

Table6.15: Miss ratesandaverageaccesstimesfor a unifiedcacheaugmentedwith a stackcache
anda constantcache.Eight-wayassociativeunifiedcacheaccesstimesslower thanthecorrespond-
ing directmappedcachetimesareitalicized.Thetwo rightmostcolumnssummarizetheresultsfrom
Tables6.6 and6.9. WhereCONSTSTACKUNI hasa slower accesstime thanSTACKUNI the time is
markedwith a ’*’.
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CONSTSTACKHARVARD CacheMiss Ratesand AccessTimes

Constant+ Stack + Harvard Const +
Harvard

Stack +
Harvard

Instruction,
Data Size
(KB)

stack
miss%

constant
miss%

instr.
miss%

data
miss%

Time (cycles)

Dir ect Mapped Harvard Cache
1 # 0.00% 10.76% 1.00% 29.41% 8.14 9.14 8.91
2 # 0.00% 10.76% 0.62% 19.80% 6.18 7.06 6.83
4 # 0.00% 10.76% 0.35% 12.47% 4.69 5.33 5.10
8 # 0.00% 10.76% 0.20% 6.50% 3.48 3.71 3.48

16 # 0.00% 10.76% 0.07% 3.75% *2.92 2.98 2.75
32 # 0.00% 10.76% 0.03% 2.57% *2.68 2.62 2.39
64 # 0.00% 10.76% 0.02% 1.99% *2.56 2.47 2.24

128 # 0.00% 10.76% 0.01% 1.67% *2.50 2.38 2.14
Eight-way Associative Harvard Cache

1 # 0.00% 10.76% 0.57% 18.82% 6.81 8.50 7.41
2 # 0.00% 10.76% 0.28% 9.35% 4.63 5.72 4.78
4 # 0.00% 10.76% 0.08% 4.46% *3.49 4.17 3.33
8 # 0.00% 10.76% 0.02% 2.69% *3.08 3.24 2.77

16 # 0.00% 10.76% 0.01% 1.76% *2.87 2.81 2.49
32 # 0.00% 10.76% # 0.00% 1.40% *2.79 2.67 2.37
64 # 0.00% 10.76% # 0.00% 1.22% *2.75 2.61 2.32

128 # 0.00% 10.76% # 0.00% 1.19% *2.72 2.56 2.29

Table 6.16: Miss ratesand averageaccesstimes for a Harvard cacheaugmentedwith a stack
cacheand a constantcache. Eight-way associative Harvard cacheaccesstimes slower than the
correspondingdirectmappedcachetimesareitalicized.Thetwo rightmostcolumnssummarizethe
resultsfrom Tables6.7 and6.10. WhereCONSTSTACKHARVARD hasa slower accesstime than
STACKHARVARD thetime is markedwith a ’*’.
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6.4.7 Harvard, Constant,Stack,andRegisterCaches(CONSTSTACKHARREG)

For completeness,Table6.17 shows the resultswhen simulatingcacheperformancefor
a configurationwith all of theexperimentalcachesaddedto a Harvardcache.Theclosest
comparableconfigurationsareCONSTHARREG, CONSTSTACKHARVARD, andSTACKHAR-
REG. Only thefastestof the three,STACKHARREG, wasincludedin Table6.17(for space
reasons).

Themissratesfor theregisteranddatacachesareslightly betterthanthoselistedin Ta-
ble 6.12for STACKHARREG. This is furtherproofof theConstantLocalityRule; removing
constantaccessesfrom theregisteranddatacachesimprovestheir missrates.

In termsof averagememoryaccesstimes, the CONSTSTACKHARREG cacheoutper-
forms STACKHARREG for cachessmallerthan8K (4K for eight-way associative CONST-
STACKHARREG). For cacheslargerthan8K theCONSTSTACKHARREG cachehasaslightly
slower accesstime thantheSTACKHARREG cache.

6.4.8 The Bottom Line

Hybrid Unified Caches Average Access Time
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Figure6.12:Comparisonof averagememoryaccesstimesfor unifiedcachevariations.
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CONSTSTACKHARREG CacheMiss Ratesand AccessTimes

Constant+ Stack + Register+ Harvard STACKHARREG

Instruction,
Data Size
(KB)

constant
miss%

stack
miss%

register
miss%

instr.
miss%

data
miss%

Time (cycles)

Dir ect Mapped Harvard Cache
1 10.76% # 0.00% 33.91% 1.00% 55.02% 5.88 6.34
2 10.76% # 0.00% 33.65% 0.62% 41.18% 4.87 5.19
4 10.76% # 0.00% 33.65% 0.35% 25.93% 3.82 3.98
8 10.76% # 0.00% 33.65% 0.20% 14.51% *3.03 3.00

16 10.76% # 0.00% 33.65% 0.07% 9.44% *2.68 2.49
32 10.76% # 0.00% 33.65% 0.03% 6.64% *2.48 2.18
64 10.76% # 0.00% 33.65% 0.02% 5.03% *2.38 2.04

128 10.76% # 0.00% 33.65% 0.01% 4.10% *2.31 1.95
Eight-way Associative Harvard Cache

1 10.76% # 0.00% 33.62% 0.57% 47.19% 6.00 6.50
2 10.76% # 0.00% 33.65% 0.28% 26.08% 4.35 4.48
4 10.76% # 0.00% 33.65% 0.08% 13.35% *3.35 3.18
8 10.76% # 0.00% 33.65% 0.02% 8.34% *2.96 2.65

16 10.76% # 0.00% 33.65% 0.01% 5.40% *2.73 2.35
32 10.76% # 0.00% 33.65% # 0.00% 4.21% *2.64 2.22
64 10.76% # 0.00% 33.65% # 0.00% 3.74% *2.61 2.17

128 10.76% # 0.00% 33.65% # 0.00% 3.39% *2.58 2.14

Table6.17:Missratesandaverageaccesstimesfor aHarvardcacheaugmentedwith astackcache,
a constantcache,anda registerbuffer. Eight-way associative Harvard cacheaccesstimesslower
thanthecorrespondingdirectmappedcachetimesareitalicized.Therightmostcolumnsummarizes
theresultsfrom Tables6.12for STACKHARREG, thebestperformingof theclosestconfigurations.
WhereCONSTSTACKHARREG hasa slower accesstime than STACKHARREG the time is marked
with a ’*’.
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Figure6.12shows theaverageaccesstimesfor all of theunifiedcachehybrid config-
urations. From the graphwe canseethat the mostsignificantcacheenhancementcomes
from addinga registerbuffer. Also, althoughtheCONSTSTACKUNI cacheis fasterthanthe
STACKUNI cachefor small cachesizes,the STACKUNI cacheis slightly fasterfor caches
largerthan16K. Theadditionof aconstantcacheis only beneficialfor smallcachesizes.

Hybrid Harvard Caches Average Access Time
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Figure6.13:Comparisonof averagememoryaccesstimesfor Harvardcachevariations.

Figure6.13makesananalogouscomparisonof accesstimesfor all of theHarvardcache
hybrids. Again, theadditionof a registerbuffer makesthemostsignificantimprovement.
TheCONSTSTACKHARVARD cacheat largecachesizesis oneof theslowestcacheconfigu-
rations.Interestingly, addingaregisterbuffer (HARREG) obviatesany otherauxiliarycache
for all Harvardcacheslarger than2K. Theloneadditionof stackcache(STACKHARVARD)
yieldsaccesstimesnearlyasfastastheadditionof justa registerbuffer.

6.5 Conclusions

Theadditionof specializedauxiliary datacachescanimprove theaveragememoryaccess
timesof both unified andHarvard caches,particularlyat small cachesizes. Theseextra
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cachesdo not have to be very large to make a noticeabledifference. A 256 byte stack
cache,for example,hasamissratelessthan0.00007%.

Adding a constantcacheto captureconstantpool accesseshelpsto remove cachepol-
lution from either a unified or a datacache. The resultingreducedmiss ratesfor these
cachesleadsto the ConstantLocality Rule. Unfortunately, this separationonly improves
averageaccesstime whentheunifiedanddatacachesarerelatively smallanddo not have
anextremelylow missrate.Thehighmissrateof theconstantcachedominatesaccesstime
whenunified anddatacachesarelarge enoughto have very low missrates. The benefits
gainedfrom dedicatinga 512K constantcachewhencachesizesaresmall is unlikely to
improve performancemorethanusingthesameamountof spaceto increasethesizeof the
unified/datacache.Perhapsif theconstantdatacouldbeprefetchedinto theconstantcache
the miss rate for the cachewould decreaseenoughto justify addinga constantcacheto
configurationscontaininglargeunifiedor largedatacaches.

Thestackcachewith its very low missrateimprovesaccesstime for cacheconfigura-
tionsof all sizes.Most of theprogramswe ransupportedthe25 # 64 Stack Rule: the25%
of memoryaccessesmadeto operandstackscanbeefficiently cachedin a64bytecache.

Whenbotha stackcacheanda registerbuffer areadded,however, theimprovementis
very small. Much of the initial gain associatedwith addinga registerbuffer comesfrom
cachingstackaccessesin theregisterbuffer. Thus,astackcacheandaregistercacheoverlap
somein theperformancebenefitthey canprovide to a cachinghierarchy. STACKUNIREG

performsslightly betterthanUNIREG; STACKHARREG performsslightly worsethanHAR-
REG.

With the latency timesusedin our experimentsthe registerbuffer madethemostdra-
matic improvementto averageaccesstimesdespitehaving the worst miss rateof all the
addedcaches.The lack of registersavailableto theJVM is clearlya seriousperformance
handicap.Wereregisterresourcesavailable to the JVM, the Fair Hardware Rule tells us
thatJava programscouldbeasfastastraditionalnatively compiledprogramsin accessing
memorydespitethe30/70JavaMemoryRule.



Chapter 7

Conclusions

ery little of the researchto improve the performanceof JVM’s hasconsidered
the benefitsof hardwaresupportfor the Java runtimeenvironment. Assuming
thecontinuedpopularityof Java, hardwarecomponentsto supportJava (partic-

ularly asadditionsto Java native platforms)would be justifiable. We have looked at how
effectively currentcachetopologiescapturethe active working setof Java programsand
comparedthis performanceto that of traditional compiledprograms(representedby the
SPEC92benchmarksuite). Understandingthe performancediscrepancy requiredthat we
look at thememoryprofile of Java programs.Thesubdivision of datamemoryby theJVM
specificationled usto examinethepossiblebenefitsof addingconstant,register, andstack
caches.

After reviewing ourconclusionsweaddressthedifficultiesof addingspecializedcaches
in Section7.2. Section7.3briefly discusseshow this work appliesto languagesotherthan
Java. Weconcludewith possiblefuturework in Section7.4.

7.1 Summary

First we lookedat thepersonalityof theJava Virtual machinearchitecturein Chapter3—a
personalitysignificantlydifferentfrom thatof registerbasedmachines.Compactbytecode,
a powerful instructionset,andsupportof objectorientedprogrammingcombinesto cause
a muchhigherratio of dataaccessesto memoryaccessesin Java programsthanin tradi-
tional compiledprograms.Dataaccesseshave lower locality of referencethaninstruction
accesses;changingthe proportionof datato instructionaccessesposesa challengeto the
effectivenessof caching.

Next in Chapter4 we investigatedtheopcodeandmemoryprofile for Java programs.
Tracingtheexecutedopcodesandthe memoryaccessesthey causefor the SPECJVM98
benchmarksuiteanda Java implementationof linpack revealsthat not all opcodescause
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equalnumbersof memoryaccesses.In particular, MEM LOAD, MEM STORE,CALL RET,
andNEW OBJopcodesaccountfor morethantheir shareof memoryaccesses.Most op-
codescausetheJVM to makemultiplememoryaccesses,leadingto the30/70JavaMemory
Rule.

Chapter5 looked at theperformanceof unified andHarvard cachesservicinga JVM.
The key to cachingJava programslies in efficiently cachingthe working setof dataac-
cesses.Despitethe reducedimportanceof the instructioncache,a Harvard cacheout-
performsa unified cachewhentotal cachesizeis 16K or greater(16K InstructionRule).
Unfortunately, thesoftwareJVM’susedtodaydonotmakeuseof theinstructioncacheand
areeffectively servicedby aunifiedcachehalf thesizeof whatit couldbe.

The division of memoryby the JVM specificationinto heapmemory, stackmemory,
andconstantpoolmemoryservesasanentrypoint to examiningthedatamemoryprofileof
Java programs.Dueto usinganoperandstackasscratchspace(in theabsenceof machine
registers),the setof dataaccesseshave a muchhigher locality asnearlya quarterof all
memoryaccessestargetthetopof this stack.

In Chapter6 we consideredthe effectsof addingsmall specializedcachesto capture
stackand constantpool accesses.Additionally, a small cachewas usedto simulatethe
effectof makingregistersavailableto theJVM. Constantpoolaccesseswerefoundto have
very low locality of reference(ConstantLocalityRule), makingtheeffectivenessof asmall
constantcachemarginal.

The stackcachesuccessfullycapturedstackaccesseswith greaterthan99% hit rate.
Our experimentswith stackcachessupportthe24 # 64 Stack Rule: a very small(64 byte)
cachecanefficiently cachethe24%of memoryaccessesthataremadeto operandstacks.
Addingasmalldedicatedstackcachethatcouldbeusedby theJVM wouldbebeneficialto
JVM performanceespeciallyif thelatency of thecachecouldbekeptlow.

Addingaregisterbuffer madethemostsignificantimprovementin theaveragememory
accesstime for Java programs.Thevastimprovementunderscorestheeffect of depriving
the JVM of register resources.If a way could be found to simulateregistersfor a JVM
performancecouldonly be improved. Indeed,addinga registerbuffer to unifiedandHar-
vardcachesyieldedaccesstimescompetitive with cacheaccesstimesfor theSPEC92suite
(whichhadaccessto registerresources).This is summarizedby theFair Hardware Rule.

7.2 Difficulties of Adding SpecializedCaches

Cacheshavealwaysbeentransparentarchitecturalfeatures.An executinguserprogramthat
requestsa valuefrom memoryhasno ideaof whetheror not a cachesitsbetweentheCPU
andmain memory. Suchan abstractionhasalwaysbeenbeneficialin that it reducesthe
complexity of writing userprograms.

The difficulty in providing specializedcachesfor a userprogramsuchasa software
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implementedJVM is that the JVM doesnot know if the specializedcacheexists; manip-
ulating cachesis not feasiblewith this model. On the otherhand,machineregistersare
architecturalfeaturesto which instructionsetsgrantaccess.With modificationsaninstruc-
tion setcould allow a userprogramto enablespecializedcaches.Specifyingthe correct
cachecould be an explicit or implicit action. Explicitly, instructionscould exist to send
accessesto a givencache.Alternatively, thecacheto usecouldbedeterminedby a couple
of bits in the instruction. Accesscouldbegrantedimplicitly by requiringthataccessto a
particularcacheis basedonthememoryaddress.For example,afterenablingastackcache
any memoryaddressthatfell within acertainrangewouldbelookedfor in thestackcache.
This is no differentthanthe job compilersdo todayof segmentingmemorybasedon the
typeof valuesstored.Suchasegmentationwouldbeeasyto supportin hardware.

Java native platformsdo not suffer this handicap.A hardwareJVM chip knows what
cacheresourcesareavailable andcan easily direct Java memoryaccessesto the correct
cache.

Ultimately, addingnew cachesupportrequiresarchitecturalchanges.In addition to
potentiallyalteringaninstructionsetto makecachesvisible,spaceneedsto beallocatedon
thechip for thesespecializedcaches.Suchalterationsareneithercheapnorquick to make.

7.3 Applicability Outsideof Java

After being introducedin 1995 Java hasgrown in popularity to be one of the prevalent
programminglanguagesof thetime. However, it is still a younglanguagewith a long way
to go beforeit maturesout of the fad stage.While Java may disappearinto theannalsof
extinct languages,the work presentedherecanbe appliedto languagesthat target stack
machines,apartfrom Java.

7.4 Futur e Work

All of thedatapresentedin this work wascollectedusinganinterpreter. Now a look needs
to be taken at just-in-time compilersandhow they interactwith memory. Additionally,
thesupportingprogramsthat run while a JVM executesa Java programusethecachesas
muchastheJavaprogram.For softwareJVM’s thismeansthattheinstructionsconstituting
the JVM arecachedin the instructioncache. For JIT JVM’s the processcompiling Java
bytecodeto native machinecodearecachedin theinstructioncache.Likewise,bothkinds
of JVM’s causedatavaluesto be storedin the datacache.The competitionbetweenthe
JVM programandtheJava programfor thecacheresourcesof thephysicalmachineis an
areathatneedsto beinvestigatedbeforethelargestepof addingspecializedcachescanbe
takenwith confidence.
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Both software andhardware JVM’s garbagecollect memory. This processcertainly
causesmultiple memoryaccesses.Work remainsto be doneto determinethe locality of
referenceof theseaccessesunderdifferentgarbagecollectionschemesandhow theseac-
cessesaffect theefficiency of cachingJava programs.



Appendix A

Rulesof Thumb

1. Amdahl’s Law: Theperformanceimprovementto begainedfrom usingsomefaster
modeof execution is limited by the fraction of the time the fastermodecan be
used[26].

2. 90/10Locality Rule: A programexecutesabout90%of its instructionsin 10%of its
code.

3. 2:1 CacheRule: Themissrateof a direct-mappedcacheof sizeN is aboutthesame
asa two-way set-associative cacheof sizeN $ 2 [26].

4. Fair Hardware Rule: Under equalhardware resourcesJava programshave faster
averagememoryaccessesthantraditionalnative programs(Chapter6).

5. 30/70JavaMemoryRuleWhereastraditionalcompiledprogramsdemonstratea75/25
instructionto datamemoryaccessratio, Java programsfollow a 30/70instructionto
datamemoryaccessratio (Chapter4).

6. 25 # 64Stack Rule:The25%of memoryaccessesmadeby Javaprogramsto operand
stackscanbeefficiently cachedin 64bytes(Chapter6).

7. 16K Instruction Rule: For the averageJava programusing direct mappedcaches,
separatinginstructionsinto aseparatecacheis only worthwhilewhenthetotal cache
sizeis 16K or greater(Chapter5).

8. ConstantLocality Rule: Accessingconstantpool datahasextremely low locality
of referencedueto infrequentuseof constantsandthedivision of constantdataby
class (eachclass hasits own constantpool) (Chapter6).
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Benchmark Distrib utions

Total Memory AccessCounts

Benchmark Total Memory Accesses Percent Logged
compress 87,595,582,237 0.133%
db 26,361,174,579 0.442%
jack 24,231,330,920 0.481%
javac Not Available Unknown
jess Not Available Unknown
linpack 5,220,886,980 2.232%
mpegaudio 74,293,366,140 0.157%
mtrt Not Available Unknown

TableB.1: Benchmarksthat abnormallyterminateddid not recordthe total numberof memory
accessesmade;their countsarelistedasNot Available. The right columngivesthe percentageof
thememoryaccessesthatwaslogged,whereknown.
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Java OpcodeClassifications

Classification Bytecode

LVAR LOAD ALOAD, ALOAD *, DLOAD, DLOAD *, FLOAD,
FLOAD *, ILOAD, ILOAD *, LLOAD, LLOAD *

LVAR STORE ASTORE, ASTORE *, DSTORE, DSTORE *, FS-
TORE,FSTORE *, IINC, ISTORE,ISTORE *, LSTORE,
LSTORE *

MEM LOAD AALOAD, BALOAD, CALOAD, DALOAD, FALOAD,
GETFIELD, GETSTATIC, IALOAD, LALOAD, SA-
LOAD

MEM STORE AASTORE, BASTORE, CASTORE, DASTORE, FAS-
TORE,IASTORE,LASTORE,PUTFIELD,PUTSTATIC,
SASTORE

COMPUTE D2F, D2I, D2L, DADD, DCMPG, DCMPL, DDIV,
DMUL, DNEG, DREM, DSUB, F2D, F2I, F2L, FADD,
FCMPG,FCMPL, FDIV, FMUL, FNEG, FREM, FSUB,
I2B, I2C, I2D, I2F, I2L, I2S, IADD, IAND, IDIV, IMUL,
INEG, IOR, IREM, ISHL, ISHR, ISUB, IUSHR, IXOR,
WA, LDO, L2D, L2F, L2I, LADD, LAND, LCMP, LDIV,
LMUL, LNEG, LOR, LREM, LSHL, LSHR, LSUB,
LUSHR,LXOR

BRANCH GOTO, GOTO W, IF ACMPEQ, IF ACMPNE,
IF ICMPEQ, IF ICMPNE, IF ICMPLT, IF ICMPGE,
IF ICMPGT, IF ICMPLE, IFEQ, IFNE, IFLT, IFGE,
IFGT, IFLE, IFNONNULL, IFNULL, JSR, JSRW,
LOOKUPSWITCH,RET, TABLESWITCH

CALL RET ARETURN, DRETURN, FRETURN, INVOKEINTER-
FACE, INVOKESPECIAL, INVOKESTATIC, INVOKE-
VIRTUAL, IRETURN,LRETURN,RETURN

PUSHCONST ACONSTNULL, BIPUSH, DCONST*, FCONST*,
ICONST *, LCONST *, LDC, LDC W, LDC2 W, SI-
PUSH

MISC STACK DUP, DUP *, DUP2,DUP2 *, POP, POP2,SWAP
NEW OBJ ANEWARRAY, MULTIANEWARRAY, NEW, NEWAR-

RAY
OTHER ARRAYLENGTH, ATHROW, CHECKCAST, IN-

STANCEOF, MONITORENTER,MONITOREXIT, NOP,
WIDE

Table B.2: Java opcodeclassifications.A * indicatesmultiple opcodesof the sametype with
differentimplied integerarguments.
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compress: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 5,210,769 31.38% 32.98% 16,853,097 14.47% 15.28% 3.23
LVAR STORE 1,483,183 8.93% 6.58% 6,770,690 5.81% 7.52% 4.56
MEM LOAD 3,019,219 18.18% 15.59% 49,053,377 42.10% 31.50% 16.25
MEM STORE 769,032 4.63% 4.79% 12,242,612 10.50% 9.75% 15.91
COMPUTE 2,015,318 12.14% 10.67% 7,980,845 6.85% 7.00% 3.92
BRANCH 1,056,936 6.37% 9.06% 4,612,772 3.96% 11.26% 4.36
CALL RET 741,399 4.47% 6.08% 11,656,868 10.00% 12.37% 15.72
PUSHCONST 1,370,877 8.27% 9.51% 3,635,236 3.12% 4.48% 2.65
MISC STACK 931,089 5.61% 4.09% 3,405,769 2.92% 2.17% 3.66
NEW OBJ 3,239 0.02% 0.25% 229,560 0.20% 1.16% 70.87
OTHER 3,373 0.02% 0.42% 67,174 0.06% 0.51% 19.92

TOTAL 16,604,434 116,508,000 7.02

TableB.3: Opcodeandmemoryaccessdistributionsfor the compress benchmark,classifiedby
opcodetypes.

db: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 8,716,464 42.55% 32.98% 32,051,578 27.51% 15.28% 3.68
LVAR STORE 1,357,670 6.63% 6.58% 6,696,199 5.75% 7.52% 4.93
MEM LOAD 2,067,214 10.10% 15.59% 28,331,279 24.32% 31.50% 13.71
MEM STORE 746,393 3.64% 4.79% 10,592,148 9.09% 9.75% 14.19
COMPUTE 1,658,068 8.10% 10.67% 6,171,458 5.30% 7.00% 3.72
BRANCH 3,056,178 14.92% 9.06% 14,343,841 12.31% 11.26% 4.69
CALL RET 477,526 2.33% 6.08% 6,158,340 5.29% 12.37% 12.90
PUSHCONST 1,955,483 9.55% 9.51% 6,302,470 5.41% 4.48% 3.22
MISC STACK 197,172 0.96% 4.09% 776,815 0.67% 2.17% 3.94
NEW OBJ 133,399 0.65% 0.25% 4,200,019 3.60% 1.16% 31.48
OTHER 120,070 0.59% 0.42% 883,853 0.76% 0.51% 7.36

TOTAL 20,485,637 116,508,000 5.69

TableB.4: Opcodeandmemoryaccessdistributionsfor the db benchmark,classifiedby opcode
types.
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Empty: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 104,888 35.71% 32.98% 340,431 14.67% 15.28% 3.25
LVAR STORE 32,439 11.04% 6.58% 154,907 6.68% 7.52% 4.78
MEM LOAD 41,849 14.25% 15.59% 693,925 29.91% 31.50% 16.58
MEM STORE 10,914 3.72% 4.79% 162,136 6.99% 9.75% 14.86
COMPUTE 23,527 8.01% 10.67% 89,056 3.84% 7.00% 3.78
BRANCH 31,261 10.64% 9.06% 137,932 5.94% 11.26% 4.41
CALL RET 19,272 6.56% 6.08% 427,624 18.43% 12.37% 22.19
PUSHCONST 25,371 8.64% 9.51% 154,322 6.65% 4.48% 6.08
MISC STACK 1,509 0.51% 4.09% 4,083 0.18% 2.17% 2.71
NEW OBJ 1,351 0.46% 0.25% 102,527 4.42% 1.16% 75.89
OTHER 1,334 0.45% 0.42% 53,194 2.29% 0.51% 39.88

TOTAL 293,715 2,320,137 7.90

TableB.5: Opcodeandmemoryaccessdistributionsfor theanemptyJava program,classifiedby
opcodetypes.

jack: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 3,763,667 26.25% 32.98% 11,556,725 9.92% 15.28% 3.07
LVAR STORE 306,664 2.14% 6.58% 1,422,750 1.22% 7.52% 4.64
MEM LOAD 2,996,309 20.89% 15.59% 48,157,211 41.33% 31.50% 16.07
MEM STORE 1,429,723 9.97% 4.79% 24,169,050 20.74% 9.75% 16.90
COMPUTE 790,945 5.52% 10.67% 3,174,474 2.72% 7.00% 4.01
BRANCH 1,634,844 11.40% 9.06% 6,740,479 5.79% 11.26% 4.12
CALL RET 409,709 2.86% 6.08% 7,612,992 6.53% 12.37% 18.58
PUSHCONST 915,590 6.38% 9.51% 2,133,207 1.83% 4.48% 2.32
MISC STACK 2,008,609 14.01% 4.09% 9,918,682 8.51% 2.17% 4.94
NEW OBJ 31,339 0.22% 0.25% 1,107,807 0.95% 1.16% 35.35
OTHER 52,473 0.37% 0.42% 514,623 0.44% 0.51% 9.81

TOTAL 14,339,872 116,508,000 8.12

TableB.6: Opcodeandmemoryaccessdistributionsfor the jack benchmark,classifiedby opcode
types.
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javac: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 2,803,876 32.17% 32.98% 8,749,987 7.51% 15.28% 3.12
LVAR STORE 561,458 6.44% 6.58% 2,490,032 2.14% 7.52% 4.43
MEM LOAD 1,583,739 18.17% 15.59% 26,098,365 22.40% 31.50% 16.48
MEM STORE 569,968 6.54% 4.79% 9,494,570 8.15% 9.75% 16.66
COMPUTE 524,843 6.02% 10.67% 2,050,349 1.76% 7.00% 3.91
BRANCH 836,456 9.60% 9.06% 50,212,159 43.10% 11.26% 60.03
CALL RET 723,767 8.30% 6.08% 11,949,674 10.26% 12.37% 16.51
PUSHCONST 618,107 7.09% 9.51% 1,807,610 1.55% 4.48% 2.92
MISC STACK 396,256 4.55% 4.09% 1,653,266 1.42% 2.17% 4.17
NEW OBJ 25,429 0.29% 0.25% 1,318,799 1.13% 1.16% 51.86
OTHER 72,605 0.83% 0.42% 683,189 0.59% 0.51% 9.41

TOTAL 8,716,495 116,508,000 13.36

TableB.7: Opcodeandmemoryaccessdistributionsfor the javac benchmark,classifiedby opcode
types.

jess: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 5,619,818 37.85% 32.98% 17,852,976 15.32% 15.28% 3.18
LVAR STORE 1,054,238 7.10% 6.58% 4,931,284 4.23% 7.52% 4.68
MEM LOAD 2,703,206 18.21% 15.59% 43,076,877 36.97% 31.50% 15.94
MEM STORE 247,678 1.67% 4.79% 4,129,824 3.54% 9.75% 16.67
COMPUTE 341,615 2.30% 10.67% 1,485,035 1.27% 7.00% 4.35
BRANCH 1,947,029 13.11% 9.06% 9,432,115 8.10% 11.26% 4.84
CALL RET 1,671,152 11.26% 6.08% 28,847,394 24.76% 12.37% 17.26
PUSHCONST 936,114 6.31% 9.51% 2,615,663 2.25% 4.48% 2.79
MISC STACK 93,490 0.63% 4.09% 317,290 0.27% 2.17% 3.39
NEW OBJ 45,581 0.31% 0.25% 1,640,973 1.41% 1.16% 36.00
OTHER 186,544 1.26% 0.42% 2,178,569 1.87% 0.51% 11.68

TOTAL 14,846,465 116,508,000 7.85

TableB.8: Opcodeandmemoryaccessdistributionsfor the jess benchmark,classifiedby opcode
types.
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linpack: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 4,737,260 27.12% 32.98% 18,465,571 15.85% 15.28% 3.90
LVAR STORE 997,029 5.71% 6.58% 6,712,717 5.76% 7.52% 6.73
MEM LOAD 1,005,675 5.76% 15.59% 15,344,053 13.17% 31.50% 15.26
MEM STORE 589,206 3.38% 4.79% 9,800,463 8.41% 9.75% 16.63
COMPUTE 5,035,349 28.85% 10.67% 29,581,704 25.39% 7.00% 5.87
BRANCH 417,951 2.39% 9.06% 1,887,829 1.61% 11.26% 4.52
CALL RET 1,175,859 6.74% 6.08% 18,167,015 15.59% 12.37% 15.45
PUSHCONST 3,495,494 20.03% 9.51% 16,347,199 14.03% 4.48% 4.68
MISC STACK 1,511 0.01% 4.09% 4,089 0.00% 2.17% 2.71
NEW OBJ 1,357 0.01% 0.25% 154,166 0.13% 1.16% 113.63
OTHER 1,334 0.01% 0.42% 53,194 0.05% 0.51% 39.88

TOTAL 17,453,525 116,508,000 6.68

TableB.9: Opcodeandmemoryaccessdistributionsfor the linpack benchmark,classifiedby op-
codetypes.

mpegaudio: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 5,945,503 33.27% 32.98% 21,040,575 18.06% 15.28% 3.54
LVAR STORE 1,488,636 8.33% 6.58% 7,193,560 6.17% 7.52% 4.83
MEM LOAD 3,532,706 19.77% 15.59% 51,777,990 44.44% 31.50% 14.66
MEM STORE 594,547 3.33% 4.79% 8,667,286 7.44% 9.75% 14.58
COMPUTE 2,684,887 15.03% 10.67% 10,711,951 9.19% 7.00% 3.99
BRANCH 734,579 4.11% 9.06% 3,300,697 2.83% 11.26% 4.49
CALL RET 351,649 1.97% 6.08% 5,949,748 5.11% 12.37% 16.92
PUSHCONST 2,306,763 12.91% 9.51% 6,435,544 5.52% 4.48% 2.79
MISC STACK 206,959 1.16% 4.09% 847,176 0.73% 2.17% 4.09
NEW OBJ 5,269 0.03% 0.25% 424,769 0.36% 1.16% 80.62
OTHER 16,422 0.10% 0.42% 158,704 0.14% 0.51% 9.66

TOTAL 17,867,920 116,508,000 6.52

TableB.10: Opcodeandmemoryaccessdistributionsfor thempegaudio benchmark,classifiedby
opcodetypes.
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mtrt: Distributions

OpcodeDist. Mem. AccessDist. Mem/Type
Freq. % bench. Freq. % bench. Ops

LVAR LOAD 4,892,076 33.21% 32.98% 15,831,006 13.59% 15.28% 3.25
LVAR STORE 1,082,567 7.35% 6.58% 5,310,223 4.56% 7.52% 4.78
MEM LOAD 2,010,082 13.65% 15.59% 32,360,418 27.78% 31.50% 16.58
MEM STORE 757,661 5.14% 4.79% 11,808,401 10.14% 9.75% 14.86
COMPUTE 1,093,320 7.42% 10.67% 4,120,879 3.54% 7.00% 3.78
BRANCH 1,558,830 10.58% 9.06% 14,443,162 12.40% 11.26% 4.41
CALL RET 1,579,581 10.72% 6.08% 24,935,980 21.40% 12.37% 22.19
PUSHCONST 812,205 5.51% 9.51% 2,433,604 2.09% 4.48% 6.08
MISC STACK 847,844 5.76% 4.09% 3,317,765 2.85% 2.17% 2.71
NEW OBJ 71,690 0.49% 0.25% 1,743,497 1.50% 1.16% 75.89
OTHER 22,690 0.15% 0.42% 203,065 0.17% 0.51% 39.88

TOTAL 14,728,546 2,320,137 7.90

TableB.11: Opcodeandmemoryaccessdistributionsfor themtrt benchmark,classifiedby opcode
types.



Appendix C

Unified and Harvard CacheResults

Dir ect Mapped Unified CacheMiss Rates
Size(KB) compress db jack javac jess linpack mpegaudio mtrt

1 23.67% 16.40% 32.54% 17.44% 26.18% 11.57% 18.13% 23.82%
2 15.35% 11.83% 15.45% 12.35% 17.67% 6.65% 12.30% 16.81%
4 9.55% 5.12% 12.30% 8.25% 12.76% 2.04% 9.01% 7.14%
8 5.09% 2.89% 5.34% 4.86% 7.17% 1.17% 4.30% 3.51%

16 3.05% 2.01% 2.00% 3.26% 4.45% 0.62% 3.30% 1.85%
32 1.02% 1.45% 1.11% 2.13% 2.55% 0.48% 2.65% 1.23%
64 0.84% 1.09% 0.73% 1.17% 1.42% 0.40% 1.88% 0.78%

128 0.51% 1.05% 0.41% 0.81% 0.84% 0.39% 1.60% 0.69%

Eight-way Associative Unified CacheMiss Rates
Size(KB) compress db jack javac jess linpack mpegaudio mtrt

1 17.83% 8.27% 6.94% 12.62% 19.92% 9.12% 12.40% 15.22%
2 10.06% 5.07% 4.23% 8.32% 12.28% 1.87% 5.20% 7.02%
4 3.69% 2.06% 2.96% 4.17% 6.26% 0.83% 2.40% 2.81%
8 1.10% 1.20% 1.98% 2.50% 3.22% 0.66% 1.05% 1.63%

16 0.68% 1.01% 0.99% 1.39% 1.67% 0.48% 0.63% 1.01%
32 0.56% 0.97% 0.47% 0.80% 0.96% 0.39% 0.45% 0.72%
64 0.47% 0.92% 0.31% 0.56% 0.63% 0.38% 0.39% 0.58%

128 0.43% 0.91% 0.26% 0.43% 0.49% 0.38% 0.29% 0.53%

TableC.1: Unified cachemissratesby benchmark.
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Dir ect Mapped Split CacheMiss Rates#1
Size(KB) compress db

Data Instruction Data Instruction
1 26.40% 0.19% 16.93% 0.41%
2 17.34% 0.18% 10.19% 0.41%
4 11.84% 0.03% 5.93% 0.34%
8 6.03% 0.02% 3.21% 0.33%

16 3.69% 0.00% 2.36% 0.00%
32 1.23% 0.00% 1.87% 0.00%
64 1.10% 0.00% 1.63% 0.00%

128 0.66% 0.00% 1.56% 0.00%

Eight-way Assoc.Split CacheMiss Rates#1
Size(KB) compress db

Data Instruction Data Instruction
1 20.38% 0.01% 10.35% 0.01%
2 10.68% 0.01% 5.83% 0.01%
4 3.37% 0.00% 2.50% 0.00%
8 1.25% 0.00% 1.70% 0.00%

16 0.86% 0.00% 1.49% 0.00%
32 0.73% 0.00% 1.44% 0.00%
64 0.61% 0.00% 1.39% 0.00%

128 0.57% 0.00% 1.36% 0.00%

TableC.2: Split cachemissratesfor compress anddb. The listed sizesarefor both the
instructionanddatacaches.
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Dir ect Mapped Split CacheMiss Rates#2
Size(KB) jack javac

Data Instruction Data Instruction
1 24.30% 0.98% 27.90% 2.08%
2 18.81% 0.66% 20.12% 0.80%
4 15.06% 0.45% 12.91% 0.58%
8 6.30% 0.19% 6.95% 0.28%

16 2.14% 0.07% 4.10% 0.11%
32 1.23% 0.01% 2.94% 0.05%
64 0.83% 0.01% 2.04% 0.03%

128 0.49% 0.01% 1.41% 0.02%

Eight-way Assoc.Split CacheMiss Rates#2
Size(KB) jack javac

Data Instruction Data Instruction
1 6.69% 0.83% 20.12% 1.48%
2 4.67% 0.36% 11.33% 0.77%
4 3.18% 0.08% 5.73% 0.33%
8 2.04% 0.01% 3.55% 0.09%

16 0.93% 0.01% 2.04% 0.01%
32 0.53% 0.01% 1.38% 0.00%
64 0.37% 0.01% 1.06% 0.00%

128 0.32% 0.01% 0.90% 0.00%

Table C.3: Split cachemiss ratesfor jack and javac. The listed sizesare for both the
instructionanddatacaches.
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Dir ect Mapped Split CacheMiss Rates#3
Size(KB) jess linpack

Data Instruction Data Instruction
1 29.03% 2.25% 14.01% 0.02%
2 19.37% 1.59% 7.88% 0.01%
4 13.61% 0.63% 2.60% 0.01%
8 7.94% 0.40% 1.48% 0.00%

16 4.80% 0.19% 0.79% 0.00%
32 2.64% 0.09% 0.62% 0.00%
64 1.60% 0.07% 0.51% 0.00%

128 0.98% 0.03% 0.50% 0.00%

Eight-way Assoc.Split CacheMiss Rates#3
Size(KB) jess linpack

Data Instruction Data Instruction
1 22.25% 1.08% 8.88% 0.00%
2 13.29% 0.48% 2.00% 0.00%
4 6.62% 0.14% 1.02% 0.00%
8 3.43% 0.04% 0.83% 0.00%

16 1.82% 0.01% 0.62% 0.00%
32 1.13% 0.01% 0.51% 0.00%
64 0.77% 0.01% 0.50% 0.00%

128 0.62% 0.01% 0.49% 0.00%

TableC.4: Split cachemiss ratesfor jess and linpack. The listed sizesare for both the
instructionanddatacaches.
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Dir ect Mapped Split CacheMiss Rates#4
Size(KB) mpegaudio mtrt

Data Instruction Data Instruction
1 20.40% 1.01% 28.96% 1.05%
2 13.97% 0.69% 20.14% 0.60%
4 10.21% 0.47% 9.03% 0.30%
8 4.56% 0.14% 4.21% 0.24%

16 3.49% 0.03% 2.09% 0.14%
32 2.71% 0.02% 1.52% 0.06%
64 2.37% 0.01% 1.05% 0.00%

128 2.01% 0.01% 0.96% 0.00%

Eight-way Assoc.Split CacheMiss Rates#4
Size(KB) mpegaudio mtrt

Data Instruction Data Instruction
1 13.66% 0.53% 16.90% 0.61%
2 5.30% 0.26% 7.19% 0.33%
4 2.29% 0.05% 3.12% 0.05%
8 1.10% 0.03% 1.87% 0.00%

16 0.72% 0.01% 1.22% 0.00%
32 0.56% 0.01% 0.96% 0.00%
64 0.47% 0.01% 0.80% 0.00%

128 0.41% 0.01% 0.75% 0.00%

TableC.5: Split cachemissratesfor mpegaudio andmtrt. Thelistedsizesarefor boththe
instructionanddatacaches.



Appendix D

Hybrid CacheResults

Eight-way Associative CacheMiss Rates
Size compress db jack javac jess linpack mpegaudio mtrt

64 48.48% 44.70% 49.11% 48.39% 53.88% 37.08% 50.53% 51.29%
128 34.51% 22.88% 31.96% 32.74% 41.15% 29.54% 37.94% 38.21%
256 28.80% 14.53% 12.99% 27.56% 32.70% 22.05% 25.43% 31.34%
512 20.63% 11.11% 6.56% 22.06% 21.80% 11.54% 12.37% 15.76%

TableD.1: Registercachemissratesby benchmark.Cachesizesaregiven in bytes. Eachcache
line is 8 bytes;awrite back,write fetchpolicy wasusedwith LRU replacement.Only dataaccesses
werecached.

Dir ect Mapped Stack CacheMiss Rates#1
Size(bytes) compress db jack javac

64 0.000037% 0.000033% 0.000037% 0.005881%
128 0.000033% 0.000030% 0.000033% 0.000708%
256 0.000033% 0.000030% 0.000033% 0.000194%
512 0.000033% 0.000030% 0.000033% 0.000194%

TableD.2: Stackcachemissratesby benchmark.Cachesizesaregivenin bytes.Eachcacheline
is 8 bytes;awrite through,write aroundpolicy wasused.Only operandstackaccesseswerecached.
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Dir ect Mapped Stack CacheMiss Rates#2
Size(bytes) jess linpack mpegaudio mtrt

64 0.000046% 0.000022% 0.000040% 0.000156%
128 0.000041% 0.000020% 0.000030% 0.000152%
256 0.000041% 0.000020% 0.000030% 0.000152%
512 0.000041% 0.000020% 0.000030% 0.000152%

TableD.3: Stackcachemissratesby benchmark.Cachesizesaregivenin bytes.Eachcacheline
is 8 bytes;awrite through,write aroundpolicy wasused.Only operandstackaccesseswerecached.

Dir ect Mapped Constant CacheMiss Rates
Size compress db jack javac jess linpack mpegaudio mtrt

64 28.96% 33.71% 7.37% 32.39% 29.64% 31.73% 21.87% 29.74%
128 24.57% 31.85% 6.90% 29.71% 24.16% 9.27% 15.76% 20.46%
256 18.42% 25.90% 5.99% 22.93% 20.24% 9.15% 11.18% 11.75%
512 10.76% 23.85% 4.98% 16.99% 13.72% 0.22% 6.36% 9.17%

1024 3.19% 6.63% 3.86% 13.04% 9.61% 0.17% 4.20% 6.34%
2048 3.17% 6.10% 2.70% 9.24% 6.21% 0.16% 2.37% 5.08%

TableD.4: Constantcachemissratesby benchmark.Cachesizesaregivenin bytes.Eachcache
line is 16bytes;awrite back,write fetchpolicy wasused.Only constantpoolaccesseswerecached.
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TableD.5: compress Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 10.76% n/a 28.11% 0.19% 61.69% 7.98
2 10.76% n/a 28.36% 0.18% 48.98% 6.84
4 10.76% n/a 28.36% 0.03% 17.87% 3.89
8 10.76% n/a 28.36% 0.02% 6.75% 2.84

16 10.76% n/a 28.36% # 0.00% 4.10% 2.59
32 10.76% n/a 28.36% # 0.00% 2.31% 2.42
64 10.76% n/a 28.36% # 0.00% 1.86% 2.38

128 10.76% n/a 28.36% # 0.00% 1.62% 2.36
CONSTHARREG: Eight-way Associative

1 10.76% n/a 28.35% 0.01% 55.18% 8.44
2 10.76% n/a 28.36% # 0.00% 31.32% 5.88
4 10.76% n/a 28.36% # 0.00% 6.72% 3.23
8 10.76% n/a 28.36% # 0.00% 4.48% 2.99

16 10.76% n/a 28.36% # 0.00% 2.08% 2.74
32 10.76% n/a 28.36% # 0.00% 1.74% 2.70
64 10.76% n/a 28.36% # 0.00% 1.53% 2.68

128 10.76% n/a 28.36% # 0.00% 1.30% 2.65
CONSTHARVARD: DirectMapped

1 10.76% n/a n/a 0.19% 25.54% 11.00
2 10.76% n/a n/a 0.18% 15.98% 7.82
4 10.76% n/a n/a 0.03% 9.91% 5.78
8 10.76% n/a n/a 0.02% 3.33% 3.60

16 10.76% n/a n/a # 0.00% 2.13% 3.20
32 10.76% n/a n/a # 0.00% 0.96% 2.81
64 10.76% n/a n/a # 0.00% 0.83% 2.77

128 10.76% n/a n/a # 0.00% 0.73% 2.73
CONSTHARVARD: Eight-way Associative

1 10.76% n/a n/a 0.01% 18.60% 9.88
2 10.76% n/a n/a # 0.00% 9.19% 6.32
4 10.76% n/a n/a # 0.00% 3.07% 4.00
8 10.76% n/a n/a # 0.00% 1.28% 3.33

16 10.76% n/a n/a # 0.00% 0.93% 3.19
32 10.76% n/a n/a # 0.00% 0.80% 3.14

continuedon next page
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TableD.5: compress Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 10.76% n/a n/a # 0.00% 0.67% 3.10
128 10.76% n/a n/a # 0.00% 0.60% 3.07

CONSTSTACKHARREG: DirectMapped
1 10.76% # 0.00% 39.63% 0.19% 56.19% 6.98
2 10.76% # 0.00% 39.74% 0.18% 40.43% 5.65
4 10.76% # 0.00% 39.74% 0.03% 27.21% 4.50
8 10.76% # 0.00% 39.74% 0.02% 9.50% 2.99

16 10.76% # 0.00% 39.74% # 0.00% 5.31% 2.62
32 10.76% # 0.00% 39.74% # 0.00% 3.52% 2.47
64 10.76% # 0.00% 39.74% # 0.00% 3.05% 2.43

128 10.76% # 0.00% 39.74% # 0.00% 2.67% 2.40
CONSTSTACKHARREG: Eight-way Associative

1 10.76% # 0.00% 39.69% 0.01% 53.71% 7.71
2 10.76% # 0.00% 39.74% # 0.00% 25.02% 4.91
4 10.76% # 0.00% 39.74% # 0.00% 8.90% 3.34
8 10.76% # 0.00% 39.74% # 0.00% 4.70% 2.93

16 10.76% # 0.00% 39.74% # 0.00% 3.40% 2.81
32 10.76% # 0.00% 39.74% # 0.00% 2.93% 2.76
64 10.76% # 0.00% 39.74% # 0.00% 2.47% 2.72

128 10.76% # 0.00% 39.74% # 0.00% 2.21% 2.69
CONSTSTACKHARVARD: DirectMapped

1 10.76% # 0.00% n/a 0.19% 34.42% 9.69
2 10.76% # 0.00% n/a 0.18% 21.79% 6.97
4 10.76% # 0.00% n/a 0.03% 15.23% 5.54
8 10.76% # 0.00% n/a 0.02% 5.10% 3.36

16 10.76% # 0.00% n/a # 0.00% 3.27% 2.96
32 10.76% # 0.00% n/a # 0.00% 1.47% 2.58
64 10.76% # 0.00% n/a # 0.00% 1.28% 2.53

128 10.76% # 0.00% n/a # 0.00% 1.12% 2.50
CONSTSTACKHARVARD: Eight-way Associative

1 10.76% # 0.00% n/a 0.01% 26.30% 9.03
2 10.76% # 0.00% n/a # 0.00% 12.52% 5.65
4 10.76% # 0.00% n/a # 0.00% 4.67% 3.72
8 10.76% # 0.00% n/a # 0.00% 1.98% 3.06

continuedon next page
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TableD.5: compress Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 10.76% # 0.00% n/a # 0.00% 1.44% 2.93
32 10.76% # 0.00% n/a # 0.00% 1.20% 2.87
64 10.76% # 0.00% n/a # 0.00% 1.06% 2.84

128 10.76% # 0.00% n/a # 0.00% 0.93% 2.80
CONSTSTACKUNI: DirectMapped

1 10.76% # 0.00% n/a n/a 26.73% 12.14
2 10.76% # 0.00% n/a n/a 16.37% 8.64
4 10.76% # 0.00% n/a n/a 10.60% 6.70
8 10.76% # 0.00% n/a n/a 4.04% 4.48

16 10.76% # 0.00% n/a n/a 2.48% 3.96
32 10.76% # 0.00% n/a n/a 1.07% 3.48
64 10.76% # 0.00% n/a n/a 0.83% 3.40

128 10.76% # 0.00% n/a n/a 0.73% 3.36
CONSTSTACKUNI: Eight-way Associative

1 10.76% # 0.00% n/a n/a 20.15% 11.31
2 10.76% # 0.00% n/a n/a 10.46% 7.58
4 10.76% # 0.00% n/a n/a 4.38% 5.24
8 10.76% # 0.00% n/a n/a 1.48% 4.12

16 10.76% # 0.00% n/a n/a 0.93% 3.91
32 10.76% # 0.00% n/a n/a 0.77% 3.85
64 10.76% # 0.00% n/a n/a 0.70% 3.82

128 10.76% # 0.00% n/a n/a 0.62% 3.80
CONSTUNI: DirectMapped

1 10.76% n/a n/a n/a 22.87% 14.21
2 10.76% n/a n/a n/a 14.15% 10.25
4 10.76% n/a n/a n/a 7.90% 7.41
8 10.76% n/a n/a n/a 3.01% 5.19

16 10.76% n/a n/a n/a 1.85% 4.66
32 10.76% n/a n/a n/a 0.80% 4.18
64 10.76% n/a n/a n/a 0.62% 4.10

128 10.76% n/a n/a n/a 0.54% 4.07
CONSTUNI: Eight-way Associative

1 10.76% n/a n/a n/a 16.45% 12.87
2 10.76% n/a n/a n/a 8.69% 8.86

continuedon next page
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TableD.5: compress Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 10.76% n/a n/a n/a 3.29% 6.06
8 10.76% n/a n/a n/a 1.10% 4.92

16 10.76% n/a n/a n/a 0.70% 4.72
32 10.76% n/a n/a n/a 0.59% 4.66
64 10.76% n/a n/a n/a 0.50% 4.61

128 10.76% n/a n/a n/a 0.44% 4.58
CONSTUNIREG: DirectMapped

1 10.76% n/a 28.11% n/a 38.54% 10.88
2 10.76% n/a 28.36% n/a 30.00% 9.07
4 10.76% n/a 28.36% n/a 11.03% 4.97
8 10.76% n/a 28.36% n/a 4.71% 3.60

16 10.76% n/a 28.36% n/a 2.77% 3.18
32 10.76% n/a 28.36% n/a 1.45% 2.89
64 10.76% n/a 28.36% n/a 1.05% 2.81

128 10.76% n/a 28.36% n/a 0.91% 2.78
CONSTUNIREG: Eight-way Associative

1 10.76% n/a 28.36% n/a 33.37% 11.17
2 10.76% n/a 28.36% n/a 20.83% 8.08
4 10.76% n/a 28.36% n/a 5.61% 4.33
8 10.76% n/a 28.36% n/a 1.96% 3.43

16 10.76% n/a 28.36% n/a 1.34% 3.27
32 10.76% n/a 28.36% n/a 0.99% 3.19
64 10.76% n/a 28.36% n/a 0.92% 3.17

128 10.76% n/a 28.36% n/a 0.79% 3.14
HARREG: DirectMapped

1 n/a n/a 30.92% 0.19% 59.83% 8.72
2 n/a n/a 30.89% 0.18% 46.67% 7.18
4 n/a n/a 30.89% 0.03% 22.37% 4.32
8 n/a n/a 30.89% 0.02% 12.38% 3.16

16 n/a n/a 30.89% # 0.00% 7.60% 2.60
32 n/a n/a 30.89% # 0.00% 2.81% 2.04
64 n/a n/a 30.89% # 0.00% 2.43% 1.99

128 n/a n/a 30.89% # 0.00% 1.47% 1.88
HARREG: Eight-way Associative

continuedon next page
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TableD.5: compress Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 30.82% 0.01% 59.90% 9.90
2 n/a n/a 30.89% # 0.00% 33.83% 6.45
4 n/a n/a 30.89% # 0.00% 7.56% 2.96
8 n/a n/a 30.89% # 0.00% 3.02% 2.35

16 n/a n/a 30.89% # 0.00% 1.93% 2.21
32 n/a n/a 30.89% # 0.00% 1.63% 2.17
64 n/a n/a 30.89% # 0.00% 1.39% 2.14

128 n/a n/a 30.89% # 0.00% 1.23% 2.12
STACKHARREG: DirectMapped

1 n/a # 0.00% 42.71% 0.19% 58.91% 8.28
2 n/a # 0.00% 42.85% 0.18% 43.10% 6.53
4 n/a # 0.00% 42.85% 0.03% 31.92% 5.26
8 n/a # 0.00% 42.85% 0.02% 17.56% 3.66

16 n/a # 0.00% 42.85% # 0.00% 10.58% 2.88
32 n/a # 0.00% 42.85% # 0.00% 3.96% 2.13
64 n/a # 0.00% 42.85% # 0.00% 3.57% 2.09

128 n/a # 0.00% 42.85% # 0.00% 2.15% 1.93
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 42.69% 0.01% 54.31% 8.83
2 n/a # 0.00% 42.85% # 0.00% 28.46% 5.56
4 n/a # 0.00% 42.85% # 0.00% 9.18% 3.10
8 n/a # 0.00% 42.85% # 0.00% 4.01% 2.44

16 n/a # 0.00% 42.85% # 0.00% 2.83% 2.29
32 n/a # 0.00% 42.85% # 0.00% 2.29% 2.22
64 n/a # 0.00% 42.85% # 0.00% 1.99% 2.18

128 n/a # 0.00% 42.85% # 0.00% 1.85% 2.16
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 0.19% 33.93% 10.64
2 n/a # 0.00% n/a 0.18% 22.74% 7.72
4 n/a # 0.00% n/a 0.03% 17.09% 6.23
8 n/a # 0.00% n/a 0.02% 8.70% 4.04

16 n/a # 0.00% n/a # 0.00% 5.32% 3.15
32 n/a # 0.00% n/a # 0.00% 1.77% 2.23
64 n/a # 0.00% n/a # 0.00% 1.60% 2.18

continuedon next page
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TableD.5: compress Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a # 0.00% 0.96% 2.02
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a 0.01% 26.97% 10.04
2 n/a # 0.00% n/a # 0.00% 14.00% 6.18
4 n/a # 0.00% n/a # 0.00% 4.81% 3.44
8 n/a # 0.00% n/a # 0.00% 1.79% 2.55

16 n/a # 0.00% n/a # 0.00% 1.26% 2.39
32 n/a # 0.00% n/a # 0.00% 1.08% 2.33
64 n/a # 0.00% n/a # 0.00% 0.89% 2.28

128 n/a # 0.00% n/a # 0.00% 0.83% 2.26
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 27.26% 13.25
2 n/a # 0.00% n/a n/a 17.66% 9.58
4 n/a # 0.00% n/a n/a 12.43% 7.57
8 n/a # 0.00% n/a n/a 6.62% 5.35

16 n/a # 0.00% n/a n/a 3.97% 4.33
32 n/a # 0.00% n/a n/a 1.32% 3.32
64 n/a # 0.00% n/a n/a 1.10% 3.23

128 n/a # 0.00% n/a n/a 0.66% 3.06
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 21.28% 12.50
2 n/a # 0.00% n/a n/a 12.04% 8.46
4 n/a # 0.00% n/a n/a 4.76% 5.28
8 n/a # 0.00% n/a n/a 1.43% 3.83

16 n/a # 0.00% n/a n/a 0.88% 3.59
32 n/a # 0.00% n/a n/a 0.74% 3.53
64 n/a # 0.00% n/a n/a 0.62% 3.47

128 n/a # 0.00% n/a n/a 0.56% 3.45
STACKUNIREG: DirectMapped

1 n/a # 0.00% 42.71% n/a 33.41% 9.94
2 n/a # 0.00% 42.85% n/a 24.22% 7.81
4 n/a # 0.00% 42.85% n/a 16.83% 6.08
8 n/a # 0.00% 42.85% n/a 9.68% 4.40

16 n/a # 0.00% 42.85% n/a 5.73% 3.48
continuedon next page
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TableD.5: compress Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 42.85% n/a 2.12% 2.63
64 n/a # 0.00% 42.85% n/a 1.76% 2.55

128 n/a # 0.00% 42.85% n/a 1.06% 2.39
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 42.66% n/a 30.57% 10.57
2 n/a # 0.00% 42.85% n/a 17.84% 7.20
4 n/a # 0.00% 42.85% n/a 6.82% 4.26
8 n/a # 0.00% 42.85% n/a 2.25% 3.04

16 n/a # 0.00% 42.85% n/a 1.43% 2.82
32 n/a # 0.00% 42.85% n/a 1.19% 2.76
64 n/a # 0.00% 42.85% n/a 1.02% 2.71

128 n/a # 0.00% 42.85% n/a 0.91% 2.68
UNIREG: DirectMapped

1 n/a n/a 30.92% n/a 39.01% 11.50
2 n/a n/a 30.89% n/a 30.03% 9.35
4 n/a n/a 30.89% n/a 14.18% 5.57
8 n/a n/a 30.89% n/a 8.19% 4.13

16 n/a n/a 30.89% n/a 4.93% 3.36
32 n/a n/a 30.89% n/a 1.81% 2.61
64 n/a n/a 30.89% n/a 1.44% 2.52

128 n/a n/a 30.89% n/a 0.87% 2.39
UNIREG: Eight-way Associative

1 n/a n/a 30.78% n/a 35.60% 12.16
2 n/a n/a 30.89% n/a 22.48% 8.60
4 n/a n/a 30.89% n/a 6.45% 4.24
8 n/a n/a 30.89% n/a 2.05% 3.04

16 n/a n/a 30.89% n/a 1.17% 2.80
32 n/a n/a 30.89% n/a 1.06% 2.77
64 n/a n/a 30.89% n/a 0.89% 2.72

128 n/a n/a 30.89% n/a 0.70% 2.67
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TableD.6: db Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 23.85% n/a 14.44% 0.41% 49.08% 4.21
2 23.85% n/a 14.32% 0.41% 20.95% 2.90
4 23.85% n/a 14.32% 0.34% 13.66% 2.55
8 23.85% n/a 14.32% 0.33% 7.71% 2.28

16 23.85% n/a 14.32% # 0.00% 6.03% 2.15
32 23.85% n/a 14.32% # 0.00% 4.91% 2.10
64 23.85% n/a 14.32% # 0.00% 4.53% 2.08

128 23.85% n/a 14.32% # 0.00% 4.30% 2.07
CONSTHARREG: Eight-way Associative

1 23.85% n/a 14.31% # 0.00% 49.22% 4.70
2 23.85% n/a 14.32% # 0.00% 27.43% 3.56
4 23.85% n/a 14.32% # 0.00% 7.26% 2.51
8 23.85% n/a 14.32% # 0.00% 5.12% 2.40

16 23.85% n/a 14.32% # 0.00% 4.22% 2.35
32 23.85% n/a 14.32% # 0.00% 4.35% 2.36
64 23.85% n/a 14.32% # 0.00% 4.08% 2.35

128 23.85% n/a 14.32% # 0.00% 3.83% 2.33
CONSTHARVARD: DirectMapped

1 23.85% n/a n/a 0.41% 16.33% 7.61
2 23.85% n/a n/a 0.41% 9.24% 5.35
4 23.85% n/a n/a 0.34% 5.10% 4.01
8 23.85% n/a n/a 0.33% 2.84% 3.29

16 23.85% n/a n/a # 0.00% 2.18% 3.02
32 23.85% n/a n/a # 0.00% 1.75% 2.89
64 23.85% n/a n/a # 0.00% 1.64% 2.85

128 23.85% n/a n/a # 0.00% 1.55% 2.82
CONSTHARVARD: Eight-way Associative

1 23.85% n/a n/a # 0.00% 9.07% 5.96
2 23.85% n/a n/a # 0.00% 4.97% 4.46
4 23.85% n/a n/a # 0.00% 2.13% 3.43
8 23.85% n/a n/a # 0.00% 1.66% 3.26

16 23.85% n/a n/a # 0.00% 1.51% 3.20
32 23.85% n/a n/a # 0.00% 1.47% 3.19

continuedon next page
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TableD.6: db Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 23.85% n/a n/a # 0.00% 1.40% 3.16
128 23.85% n/a n/a # 0.00% 1.39% 3.16

CONSTSTACKHARREG: DirectMapped
1 23.85% # 0.00% 22.01% 0.41% 56.96% 4.31
2 23.85% # 0.00% 22.07% 0.41% 43.53% 3.75
4 23.85% # 0.00% 22.07% 0.34% 29.38% 3.14
8 23.85% # 0.00% 22.07% 0.33% 16.90% 2.62

16 23.85% # 0.00% 22.07% # 0.00% 13.54% 2.42
32 23.85% # 0.00% 22.07% # 0.00% 11.22% 2.33
64 23.85% # 0.00% 22.07% # 0.00% 10.71% 2.31

128 23.85% # 0.00% 22.07% # 0.00% 10.21% 2.28
CONSTSTACKHARREG: Eight-way Associative

1 23.85% # 0.00% 21.94% # 0.00% 50.46% 4.52
2 23.85% # 0.00% 22.07% # 0.00% 29.88% 3.55
4 23.85% # 0.00% 22.07% # 0.00% 13.86% 2.78
8 23.85% # 0.00% 22.07% # 0.00% 10.92% 2.64

16 23.85% # 0.00% 22.07% # 0.00% 10.05% 2.60
32 23.85% # 0.00% 22.07% # 0.00% 9.52% 2.57
64 23.85% # 0.00% 22.07% # 0.00% 9.45% 2.57

128 23.85% # 0.00% 22.07% # 0.00% 9.12% 2.55
CONSTSTACKHARVARD: DirectMapped

1 23.85% # 0.00% n/a 0.41% 20.50% 6.04
2 23.85% # 0.00% n/a 0.41% 14.75% 4.94
4 23.85% # 0.00% n/a 0.34% 8.19% 3.68
8 23.85% # 0.00% n/a 0.33% 4.65% 3.01

16 23.85% # 0.00% n/a # 0.00% 3.60% 2.75
32 23.85% # 0.00% n/a # 0.00% 2.92% 2.62
64 23.85% # 0.00% n/a # 0.00% 2.74% 2.59

128 23.85% # 0.00% n/a # 0.00% 2.60% 2.56
CONSTSTACKHARVARD: Eight-way Associative

1 23.85% # 0.00% n/a # 0.00% 13.74% 5.34
2 23.85% # 0.00% n/a # 0.00% 7.75% 4.04
4 23.85% # 0.00% n/a # 0.00% 3.51% 3.12
8 23.85% # 0.00% n/a # 0.00% 2.75% 2.95

continuedon next page
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TableD.6: db Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 23.85% # 0.00% n/a # 0.00% 2.53% 2.91
32 23.85% # 0.00% n/a # 0.00% 2.44% 2.89
64 23.85% # 0.00% n/a # 0.00% 2.37% 2.87

128 23.85% # 0.00% n/a # 0.00% 2.35% 2.87
CONSTSTACKUNI: DirectMapped

1 23.85% # 0.00% n/a n/a 18.16% 9.31
2 23.85% # 0.00% n/a n/a 14.80% 8.12
4 23.85% # 0.00% n/a n/a 5.99% 4.97
8 23.85% # 0.00% n/a n/a 3.52% 4.09

16 23.85% # 0.00% n/a n/a 2.54% 3.74
32 23.85% # 0.00% n/a n/a 1.84% 3.49
64 23.85% # 0.00% n/a n/a 1.47% 3.36

128 23.85% # 0.00% n/a n/a 1.39% 3.33
CONSTSTACKUNI: Eight-way Associative

1 23.85% # 0.00% n/a n/a 9.10% 6.93
2 23.85% # 0.00% n/a n/a 5.43% 5.43
4 23.85% # 0.00% n/a n/a 2.31% 4.17
8 23.85% # 0.00% n/a n/a 1.54% 3.85

16 23.85% # 0.00% n/a n/a 1.37% 3.78
32 23.85% # 0.00% n/a n/a 1.28% 3.75
64 23.85% # 0.00% n/a n/a 1.26% 3.74

128 23.85% # 0.00% n/a n/a 1.23% 3.73
CONSTUNI: DirectMapped

1 23.85% n/a n/a n/a 16.04% 11.41
2 23.85% n/a n/a n/a 11.17% 9.04
4 23.85% n/a n/a n/a 4.55% 5.82
8 23.85% n/a n/a n/a 2.63% 4.88

16 23.85% n/a n/a n/a 1.89% 4.52
32 23.85% n/a n/a n/a 1.36% 4.27
64 23.85% n/a n/a n/a 1.09% 4.13

128 23.85% n/a n/a n/a 1.02% 4.10
CONSTUNI: Eight-way Associative

1 23.85% n/a n/a n/a 7.36% 8.19
2 23.85% n/a n/a n/a 4.38% 6.54
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TableD.6: db Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 23.85% n/a n/a n/a 1.73% 5.07
8 23.85% n/a n/a n/a 1.14% 4.74

16 23.85% n/a n/a n/a 1.01% 4.67
32 23.85% n/a n/a n/a 0.94% 4.63
64 23.85% n/a n/a n/a 0.93% 4.62

128 23.85% n/a n/a n/a 0.90% 4.61
CONSTUNIREG: DirectMapped

1 23.85% n/a 14.44% n/a 23.30% 7.02
2 23.85% n/a 14.32% n/a 11.70% 4.54
4 23.85% n/a 14.32% n/a 7.17% 3.58
8 23.85% n/a 14.32% n/a 4.22% 2.95

16 23.85% n/a 14.32% n/a 3.12% 2.72
32 23.85% n/a 14.32% n/a 2.29% 2.54
64 23.85% n/a 14.32% n/a 1.85% 2.45

128 23.85% n/a 14.32% n/a 1.76% 2.43
CONSTUNIREG: Eight-way Associative

1 23.85% n/a 14.33% n/a 21.73% 7.61
2 23.85% n/a 14.32% n/a 15.06% 5.99
4 23.85% n/a 14.32% n/a 3.68% 3.23
8 23.85% n/a 14.32% n/a 2.26% 2.89

16 23.85% n/a 14.32% n/a 1.78% 2.77
32 23.85% n/a 14.32% n/a 1.66% 2.74
64 23.85% n/a 14.32% n/a 1.60% 2.73

128 23.85% n/a 14.32% n/a 1.59% 2.73
HARREG: DirectMapped

1 n/a n/a 15.93% 0.41% 49.53% 4.24
2 n/a n/a 15.87% 0.41% 23.09% 2.83
4 n/a n/a 15.87% 0.34% 15.68% 2.43
8 n/a n/a 15.87% 0.33% 8.58% 2.05

16 n/a n/a 15.87% # 0.00% 6.40% 1.88
32 n/a n/a 15.87% # 0.00% 5.15% 1.82
64 n/a n/a 15.87% # 0.00% 4.41% 1.78

128 n/a n/a 15.87% # 0.00% 4.26% 1.77
HARREG: Eight-way Associative

continuedon next page
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TableD.6: db Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 15.90% # 0.00% 55.48% 5.11
2 n/a n/a 15.87% # 0.00% 29.17% 3.52
4 n/a n/a 15.87% # 0.00% 8.59% 2.28
8 n/a n/a 15.87% # 0.00% 5.19% 2.07

16 n/a n/a 15.87% # 0.00% 4.17% 2.01
32 n/a n/a 15.87% # 0.00% 4.01% 2.00
64 n/a n/a 15.87% # 0.00% 3.77% 1.99

128 n/a n/a 15.87% # 0.00% 3.73% 1.99
STACKHARREG: DirectMapped

1 n/a # 0.00% 23.68% 0.41% 58.16% 4.40
2 n/a # 0.00% 23.65% 0.41% 46.04% 3.82
4 n/a # 0.00% 23.65% 0.34% 32.29% 3.14
8 n/a # 0.00% 23.65% 0.33% 17.85% 2.44

16 n/a # 0.00% 23.65% # 0.00% 13.55% 2.18
32 n/a # 0.00% 23.65% # 0.00% 11.05% 2.06
64 n/a # 0.00% 23.65% # 0.00% 9.76% 2.00

128 n/a # 0.00% 23.65% # 0.00% 9.48% 1.98
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 23.67% # 0.00% 54.14% 4.72
2 n/a # 0.00% 23.65% # 0.00% 32.31% 3.52
4 n/a # 0.00% 23.65% # 0.00% 14.95% 2.56
8 n/a # 0.00% 23.65% # 0.00% 10.29% 2.31

16 n/a # 0.00% 23.65% # 0.00% 9.14% 2.24
32 n/a # 0.00% 23.65% # 0.00% 8.74% 2.22
64 n/a # 0.00% 23.65% # 0.00% 8.45% 2.21

128 n/a # 0.00% 23.65% # 0.00% 8.49% 2.21
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 0.41% 21.34% 6.16
2 n/a # 0.00% n/a 0.41% 15.93% 5.06
4 n/a # 0.00% n/a 0.34% 9.32% 3.70
8 n/a # 0.00% n/a 0.33% 5.13% 2.84

16 n/a # 0.00% n/a # 0.00% 3.79% 2.52
32 n/a # 0.00% n/a # 0.00% 3.03% 2.36
64 n/a # 0.00% n/a # 0.00% 2.64% 2.28
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TableD.6: db Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a # 0.00% 2.55% 2.26
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a # 0.00% 15.31% 5.55
2 n/a # 0.00% n/a # 0.00% 8.88% 4.05
4 n/a # 0.00% n/a # 0.00% 4.01% 2.92
8 n/a # 0.00% n/a # 0.00% 2.74% 2.62

16 n/a # 0.00% n/a # 0.00% 2.44% 2.55
32 n/a # 0.00% n/a # 0.00% 2.33% 2.53
64 n/a # 0.00% n/a # 0.00% 2.25% 2.51

128 n/a # 0.00% n/a # 0.00% 2.23% 2.50
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 18.64% 9.47
2 n/a # 0.00% n/a n/a 15.55% 8.32
4 n/a # 0.00% n/a n/a 6.70% 5.04
8 n/a # 0.00% n/a n/a 3.83% 3.98

16 n/a # 0.00% n/a n/a 2.68% 3.55
32 n/a # 0.00% n/a n/a 1.94% 3.28
64 n/a # 0.00% n/a n/a 1.47% 3.10

128 n/a # 0.00% n/a n/a 1.41% 3.08
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 10.24% 7.24
2 n/a # 0.00% n/a n/a 6.29% 5.57
4 n/a # 0.00% n/a n/a 2.72% 4.07
8 n/a # 0.00% n/a n/a 1.60% 3.59

16 n/a # 0.00% n/a n/a 1.36% 3.49
32 n/a # 0.00% n/a n/a 1.30% 3.47
64 n/a # 0.00% n/a n/a 1.24% 3.44

128 n/a # 0.00% n/a n/a 1.20% 3.42
STACKUNIREG: DirectMapped

1 n/a # 0.00% 23.68% n/a 18.42% 5.68
2 n/a # 0.00% 23.65% n/a 15.53% 5.06
4 n/a # 0.00% 23.65% n/a 9.99% 3.87
8 n/a # 0.00% 23.65% n/a 5.77% 2.96

16 n/a # 0.00% 23.65% n/a 4.18% 2.62
continuedon next page
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TableD.6: db Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 23.65% n/a 3.09% 2.38
64 n/a # 0.00% 23.65% n/a 2.41% 2.24

128 n/a # 0.00% 23.65% n/a 2.34% 2.22
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 23.68% n/a 16.30% 5.96
2 n/a # 0.00% 23.65% n/a 10.22% 4.47
4 n/a # 0.00% 23.65% n/a 4.54% 3.07
8 n/a # 0.00% 23.65% n/a 2.69% 2.62

16 n/a # 0.00% 23.65% n/a 2.28% 2.52
32 n/a # 0.00% 23.65% n/a 2.16% 2.49
64 n/a # 0.00% 23.65% n/a 2.12% 2.48

128 n/a # 0.00% 23.65% n/a 2.01% 2.45
UNIREG: DirectMapped

1 n/a n/a 15.93% n/a 24.06% 7.05
2 n/a n/a 15.87% n/a 12.96% 4.60
4 n/a n/a 15.87% n/a 8.25% 3.57
8 n/a n/a 15.87% n/a 4.74% 2.80

16 n/a n/a 15.87% n/a 3.41% 2.51
32 n/a n/a 15.87% n/a 2.51% 2.31
64 n/a n/a 15.87% n/a 1.87% 2.17

128 n/a n/a 15.87% n/a 1.80% 2.15
UNIREG: Eight-way Associative

1 n/a n/a 15.91% n/a 24.60% 8.17
2 n/a n/a 15.87% n/a 15.79% 5.96
4 n/a n/a 15.87% n/a 4.31% 3.08
8 n/a n/a 15.87% n/a 2.25% 2.57

16 n/a n/a 15.87% n/a 1.80% 2.45
32 n/a n/a 15.87% n/a 1.78% 2.45
64 n/a n/a 15.87% n/a 1.65% 2.42

128 n/a n/a 15.87% n/a 1.64% 2.41
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TableD.7: jack Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 4.98% n/a 11.69% 0.98% 31.67% 3.10
2 4.98% n/a 11.69% 0.66% 22.36% 2.70
4 4.98% n/a 11.69% 0.45% 16.50% 2.44
8 4.98% n/a 11.69% 0.19% 9.93% 2.16

16 4.98% n/a 11.69% 0.07% 6.45% 2.01
32 4.98% n/a 11.69% # 0.00% 3.73% 1.90
64 4.98% n/a 11.69% # 0.00% 2.42% 1.84

128 4.98% n/a 11.69% # 0.00% 1.58% 1.81
CONSTHARREG: Eight-way Associative

1 4.98% n/a 11.68% 0.82% 46.30% 4.17
2 4.98% n/a 11.69% 0.37% 26.28% 3.21
4 4.98% n/a 11.69% 0.08% 14.01% 2.63
8 4.98% n/a 11.69% 0.01% 7.93% 2.35

16 4.98% n/a 11.69% # 0.00% 3.35% 2.14
32 4.98% n/a 11.69% # 0.00% 2.01% 2.08
64 4.98% n/a 11.69% # 0.00% 1.37% 2.06

128 4.98% n/a 11.69% # 0.00% 1.19% 2.05
CONSTHARVARD: DirectMapped

1 4.98% n/a n/a 0.98% 20.59% 3.10
2 4.98% n/a n/a 0.66% 14.36% 2.70
4 4.98% n/a n/a 0.45% 11.47% 2.44
8 4.98% n/a n/a 0.19% 6.43% 2.16

16 4.98% n/a n/a 0.07% 1.80% 2.01
32 4.98% n/a n/a # 0.00% 1.05% 1.90
64 4.98% n/a n/a # 0.00% 0.70% 1.84

128 4.98% n/a n/a # 0.00% 0.45% 1.81
CONSTHARVARD: Eight-way Associative

1 4.98% n/a n/a 0.83% 6.10% 4.17
2 4.98% n/a n/a 0.36% 4.41% 3.21
4 4.98% n/a n/a 0.08% 2.89% 2.63
8 4.98% n/a n/a 0.01% 1.77% 2.35

16 4.98% n/a n/a # 0.00% 0.82% 2.14
32 4.98% n/a n/a # 0.00% 0.48% 2.08
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TableD.7: jack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 4.98% n/a n/a # 0.00% 0.37% 2.06
128 4.98% n/a n/a # 0.00% 0.35% 2.05

CONSTSTACKHARREG: DirectMapped
1 4.98% # 0.00% 15.97% 0.98% 61.02% 3.96
2 4.98% # 0.00% 15.97% 0.66% 47.66% 3.46
4 4.98% # 0.00% 15.97% 0.45% 34.28% 2.97
8 4.98% # 0.00% 15.97% 0.19% 22.31% 2.53

16 4.98% # 0.00% 15.97% 0.07% 14.91% 2.26
32 4.98% # 0.00% 15.97% # 0.00% 9.22% 2.05
64 4.98% # 0.00% 15.97% # 0.00% 6.22% 1.95

128 4.98% # 0.00% 15.97% # 0.00% 4.05% 1.87
CONSTSTACKHARREG: Eight-way Associative

1 4.98% # 0.00% 15.98% 0.83% 54.19% 4.23
2 4.98% # 0.00% 15.97% 0.37% 40.52% 3.63
4 4.98% # 0.00% 15.97% 0.08% 27.19% 3.06
8 4.98% # 0.00% 15.97% 0.01% 16.48% 2.63

16 4.98% # 0.00% 15.97% # 0.00% 7.57% 2.27
32 4.98% # 0.00% 15.97% # 0.00% 4.47% 2.15
64 4.98% # 0.00% 15.97% # 0.00% 3.67% 2.12

128 4.98% # 0.00% 15.97% # 0.00% 3.10% 2.10
CONSTSTACKHARVARD: DirectMapped

1 4.98% # 0.00% n/a 0.98% 29.72% 8.61
2 4.98% # 0.00% n/a 0.66% 21.42% 6.76
4 4.98% # 0.00% n/a 0.45% 17.24% 5.83
8 4.98% # 0.00% n/a 0.19% 9.69% 4.16

16 4.98% # 0.00% n/a 0.07% 2.70% 2.62
32 4.98% # 0.00% n/a # 0.00% 1.60% 2.38
64 4.98% # 0.00% n/a # 0.00% 1.07% 2.26

128 4.98% # 0.00% n/a # 0.00% 0.69% 2.18
CONSTSTACKHARVARD: Eight-way Associative

1 4.98% # 0.00% n/a 0.82% 8.87% 4.62
2 4.98% # 0.00% n/a 0.37% 6.49% 3.97
4 4.98% # 0.00% n/a 0.08% 4.33% 3.40
8 4.98% # 0.00% n/a 0.01% 2.68% 2.98
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TableD.7: jack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 4.98% # 0.00% n/a # 0.00% 1.21% 2.61
32 4.98% # 0.00% n/a # 0.00% 0.74% 2.50
64 4.98% # 0.00% n/a # 0.00% 0.60% 2.46

128 4.98% # 0.00% n/a # 0.00% 0.52% 2.44
CONSTSTACKUNI: DirectMapped

1 4.98% # 0.00% n/a n/a 21.12% 9.87
2 4.98% # 0.00% n/a n/a 15.34% 7.96
4 4.98% # 0.00% n/a n/a 12.28% 6.95
8 4.98% # 0.00% n/a n/a 7.06% 5.23

16 4.98% # 0.00% n/a n/a 2.29% 3.65
32 4.98% # 0.00% n/a n/a 1.26% 3.31
64 4.98% # 0.00% n/a n/a 0.82% 3.17

128 4.98% # 0.00% n/a n/a 0.50% 3.06
CONSTSTACKUNI: Eight-way Associative

1 4.98% # 0.00% n/a n/a 6.89% 5.90
2 4.98% # 0.00% n/a n/a 5.18% 5.25
4 4.98% # 0.00% n/a n/a 3.56% 4.64
8 4.98% # 0.00% n/a n/a 2.30% 4.17

16 4.98% # 0.00% n/a n/a 1.10% 3.72
32 4.98% # 0.00% n/a n/a 0.55% 3.51
64 4.98% # 0.00% n/a n/a 0.43% 3.46

128 4.98% # 0.00% n/a n/a 0.34% 3.43
CONSTUNI: DirectMapped

1 4.98% n/a n/a n/a 30.69% 17.33
2 4.98% n/a n/a n/a 11.71% 8.84
4 4.98% n/a n/a n/a 9.27% 7.75
8 4.98% n/a n/a n/a 5.31% 5.98

16 4.98% n/a n/a n/a 1.72% 4.37
32 4.98% n/a n/a n/a 0.93% 4.02
64 4.98% n/a n/a n/a 0.61% 3.88

128 4.98% n/a n/a n/a 0.37% 3.77
CONSTUNI: Eight-way Associative

1 4.98% n/a n/a n/a 5.47% 6.90
2 4.98% n/a n/a n/a 3.99% 6.14
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TableD.7: jack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 4.98% n/a n/a n/a 2.69% 5.48
8 4.98% n/a n/a n/a 1.73% 4.99

16 4.98% n/a n/a n/a 0.81% 4.52
32 4.98% n/a n/a n/a 0.40% 4.31
64 4.98% n/a n/a n/a 0.31% 4.26

128 4.98% n/a n/a n/a 0.26% 4.24
CONSTUNIREG: DirectMapped

1 4.98% n/a 11.69% n/a 39.05% 7.82
2 4.98% n/a 11.69% n/a 11.90% 3.71
4 4.98% n/a 11.69% n/a 8.90% 3.25
8 4.98% n/a 11.69% n/a 5.61% 2.76

16 4.98% n/a 11.69% n/a 3.75% 2.47
32 4.98% n/a 11.69% n/a 2.04% 2.21
64 4.98% n/a 11.69% n/a 1.30% 2.10

128 4.98% n/a 11.69% n/a 0.79% 2.03
CONSTUNIREG: Eight-way Associative

1 4.98% n/a 11.68% n/a 24.70% 6.44
2 4.98% n/a 11.69% n/a 12.92% 4.40
4 4.98% n/a 11.69% n/a 7.85% 3.53
8 4.98% n/a 11.69% n/a 4.65% 2.97

16 4.98% n/a 11.69% n/a 2.06% 2.53
32 4.98% n/a 11.69% n/a 1.04% 2.35
64 4.98% n/a 11.69% n/a 0.61% 2.28

128 4.98% n/a 11.69% n/a 0.63% 2.28
HARREG: DirectMapped

1 n/a n/a 15.47% 0.98% 30.49% 3.40
2 n/a n/a 15.45% 0.66% 21.84% 2.85
4 n/a n/a 15.45% 0.45% 16.54% 2.51
8 n/a n/a 15.45% 0.19% 10.51% 2.12

16 n/a n/a 15.45% 0.07% 7.14% 1.90
32 n/a n/a 15.45% # 0.00% 4.12% 1.71
64 n/a n/a 15.45% # 0.00% 2.71% 1.63

128 n/a n/a 15.45% # 0.00% 1.60% 1.56
HARREG: Eight-way Associative
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TableD.7: jack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 15.44% 0.83% 47.97% 5.05
2 n/a n/a 15.45% 0.37% 23.93% 3.35
4 n/a n/a 15.45% 0.08% 15.36% 2.73
8 n/a n/a 15.45% 0.01% 8.10% 2.22

16 n/a n/a 15.45% # 0.00% 3.70% 1.92
32 n/a n/a 15.45% # 0.00% 1.86% 1.80
64 n/a n/a 15.45% # 0.00% 1.24% 1.75

128 n/a n/a 15.45% # 0.00% 1.06% 1.74
STACKHARREG: DirectMapped

1 n/a # 0.00% 17.36% 0.98% 54.41% 4.08
2 n/a # 0.00% 17.38% 0.66% 43.14% 3.51
4 n/a # 0.00% 17.38% 0.45% 32.29% 2.98
8 n/a # 0.00% 17.38% 0.19% 22.23% 2.48

16 n/a # 0.00% 17.38% 0.07% 15.42% 2.15
32 n/a # 0.00% 17.38% # 0.00% 9.38% 1.85
64 n/a # 0.00% 17.38% # 0.00% 6.37% 1.71

128 n/a # 0.00% 17.38% # 0.00% 3.77% 1.59
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 17.37% 0.82% 49.74% 4.38
2 n/a # 0.00% 17.38% 0.37% 37.39% 3.66
4 n/a # 0.00% 17.38% 0.08% 25.77% 3.00
8 n/a # 0.00% 17.38% 0.01% 16.48% 2.49

16 n/a # 0.00% 17.38% # 0.00% 7.54% 2.02
32 n/a # 0.00% 17.38% # 0.00% 4.24% 1.84
64 n/a # 0.00% 17.38% # 0.00% 3.17% 1.78

128 n/a # 0.00% 17.38% # 0.00% 2.56% 1.75
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 0.98% 33.22% 10.85
2 n/a # 0.00% n/a 0.66% 26.41% 8.98
4 n/a # 0.00% n/a 0.45% 21.25% 7.56
8 n/a # 0.00% n/a 0.19% 8.86% 4.18

16 n/a # 0.00% n/a 0.07% 3.02% 2.59
32 n/a # 0.00% n/a # 0.00% 1.75% 2.24
64 n/a # 0.00% n/a # 0.00% 1.18% 2.08
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TableD.7: jack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a # 0.00% 0.69% 1.95
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a 0.83% 8.64% 4.78
2 n/a # 0.00% n/a 0.36% 6.44% 4.04
4 n/a # 0.00% n/a 0.08% 4.45% 3.39
8 n/a # 0.00% n/a 0.01% 2.88% 2.90

16 n/a # 0.00% n/a # 0.00% 1.34% 2.43
32 n/a # 0.00% n/a # 0.00% 0.75% 2.24
64 n/a # 0.00% n/a # 0.00% 0.56% 2.19

128 n/a # 0.00% n/a # 0.00% 0.46% 2.16
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 24.81% 12.34
2 n/a # 0.00% n/a n/a 19.72% 10.39
4 n/a # 0.00% n/a n/a 15.82% 8.90
8 n/a # 0.00% n/a n/a 6.86% 5.47

16 n/a # 0.00% n/a n/a 2.57% 3.83
32 n/a # 0.00% n/a n/a 1.44% 3.40
64 n/a # 0.00% n/a n/a 0.95% 3.21

128 n/a # 0.00% n/a n/a 0.53% 3.05
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 7.38% 6.46
2 n/a # 0.00% n/a n/a 5.28% 5.55
4 n/a # 0.00% n/a n/a 3.78% 4.89
8 n/a # 0.00% n/a n/a 2.54% 4.35

16 n/a # 0.00% n/a n/a 1.29% 3.81
32 n/a # 0.00% n/a n/a 0.61% 3.51
64 n/a # 0.00% n/a n/a 0.39% 3.41

128 n/a # 0.00% n/a n/a 0.33% 3.39
STACKUNIREG: DirectMapped

1 n/a # 0.00% 17.36% n/a 18.49% 4.55
2 n/a # 0.00% 17.38% n/a 14.88% 3.97
4 n/a # 0.00% 17.38% n/a 11.35% 3.41
8 n/a # 0.00% 17.38% n/a 8.01% 2.88

16 n/a # 0.00% 17.38% n/a 5.64% 2.50
continuedon next page
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TableD.7: jack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 17.38% n/a 3.29% 2.12
64 n/a # 0.00% 17.38% n/a 2.19% 1.95

128 n/a # 0.00% 17.38% n/a 1.22% 1.80
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 17.37% n/a 16.97% 4.91
2 n/a # 0.00% 17.38% n/a 13.18% 4.22
4 n/a # 0.00% 17.38% n/a 9.29% 3.51
8 n/a # 0.00% 17.38% n/a 6.18% 2.95

16 n/a # 0.00% 17.38% n/a 3.11% 2.39
32 n/a # 0.00% 17.38% n/a 1.42% 2.08
64 n/a # 0.00% 17.38% n/a 0.97% 2.00

128 n/a # 0.00% 17.38% n/a 0.78% 1.97
UNIREG: DirectMapped

1 n/a n/a 15.44% n/a 38.86% 8.40
2 n/a n/a 15.45% n/a 12.55% 3.87
4 n/a n/a 15.45% n/a 9.58% 3.35
8 n/a n/a 15.45% n/a 6.29% 2.79

16 n/a n/a 15.45% n/a 4.33% 2.45
32 n/a n/a 15.45% n/a 2.42% 2.12
64 n/a n/a 15.45% n/a 1.57% 1.97

128 n/a n/a 15.45% n/a 0.88% 1.86
UNIREG: Eight-way Associative

1 n/a n/a 15.44% n/a 27.59% 7.36
2 n/a n/a 15.45% n/a 13.44% 4.58
4 n/a n/a 15.45% n/a 9.11% 3.73
8 n/a n/a 15.45% n/a 5.13% 2.95

16 n/a n/a 15.45% n/a 2.49% 2.43
32 n/a n/a 15.45% n/a 1.08% 2.15
64 n/a n/a 15.45% n/a 0.81% 2.10

128 n/a n/a 15.45% n/a 0.63% 2.07
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TableD.8: javac Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 16.99% n/a 27.67% 2.08% 60.89% 6.28
2 16.99% n/a 27.62% 0.80% 49.08% 5.28
4 16.99% n/a 27.62% 0.58% 35.75% 4.49
8 16.99% n/a 27.62% 0.28% 14.64% 3.25

16 16.99% n/a 27.62% 0.11% 9.17% 2.91
32 16.99% n/a 27.62% 0.05% 7.14% 2.78
64 16.99% n/a 27.62% 0.03% 4.53% 2.63

128 16.99% n/a 27.62% 0.02% 3.00% 2.55
CONSTHARREG: Eight-way Associative

1 16.99% n/a 27.46% 1.47% 52.33% 6.41
2 16.99% n/a 27.62% 0.77% 27.33% 4.65
4 16.99% n/a 27.62% 0.33% 13.30% 3.64
8 16.99% n/a 27.62% 0.09% 8.37% 3.26

16 16.99% n/a 27.62% 0.01% 4.52% 3.00
32 16.99% n/a 27.62% # 0.00% 3.60% 2.94
64 16.99% n/a 27.62% # 0.00% 2.60% 2.87

128 16.99% n/a 27.62% # 0.00% 2.19% 2.85
CONSTHARVARD: DirectMapped

1 16.99% n/a n/a 2.08% 27.03% 8.47
2 16.99% n/a n/a 0.80% 18.76% 6.49
4 16.99% n/a n/a 0.58% 11.97% 5.08
8 16.99% n/a n/a 0.28% 6.17% 3.85

16 16.99% n/a n/a 0.11% 3.65% 3.31
32 16.99% n/a n/a 0.05% 2.86% 3.14
64 16.99% n/a n/a 0.03% 1.88% 2.94

128 16.99% n/a n/a 0.02% 1.27% 2.81
CONSTHARVARD: Eight-way Associative

1 16.99% n/a n/a 1.47% 17.21% 7.25
2 16.99% n/a n/a 0.77% 9.29% 5.25
4 16.99% n/a n/a 0.33% 4.61% 4.05
8 16.99% n/a n/a 0.09% 2.89% 3.59

16 16.99% n/a n/a 0.01% 1.79% 3.32
32 16.99% n/a n/a # 0.00% 1.32% 3.21
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TableD.8: javac Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 16.99% n/a n/a # 0.00% 1.05% 3.15
128 16.99% n/a n/a # 0.00% 0.95% 3.13

CONSTSTACKHARREG: DirectMapped
1 16.99% # 0.00% 36.66% 2.08% 59.67% 6.00
2 16.99% # 0.00% 36.75% 0.80% 48.35% 5.08
4 16.99% # 0.00% 36.75% 0.58% 33.09% 4.23
8 16.99% # 0.00% 36.75% 0.28% 19.47% 3.45

16 16.99% # 0.00% 36.75% 0.11% 12.00% 3.02
32 16.99% # 0.00% 36.75% 0.05% 9.42% 2.87
64 16.99% # 0.00% 36.75% 0.03% 5.97% 2.68

128 16.99% # 0.00% 36.75% 0.02% 4.64% 2.61
CONSTSTACKHARREG: Eight-way Associative

1 16.99% # 0.00% 36.64% 1.47% 53.49% 6.29
2 16.99% # 0.00% 36.75% 0.77% 30.60% 4.73
4 16.99% # 0.00% 36.75% 0.33% 16.48% 3.77
8 16.99% # 0.00% 36.75% 0.09% 10.45% 3.34

16 16.99% # 0.00% 36.75% 0.01% 6.52% 3.08
32 16.99% # 0.00% 36.75% # 0.00% 4.83% 2.98
64 16.99% # 0.00% 36.75% # 0.00% 3.99% 2.93

128 16.99% # 0.00% 36.75% # 0.00% 3.41% 2.90
CONSTSTACKHARVARD: DirectMapped

1 16.99% # 0.00% n/a 2.08% 33.11% 7.65
2 16.99% # 0.00% n/a 0.80% 22.82% 5.86
4 16.99% # 0.00% n/a 0.58% 14.69% 4.66
8 16.99% # 0.00% n/a 0.28% 8.19% 3.67

16 16.99% # 0.00% n/a 0.11% 4.72% 3.13
32 16.99% # 0.00% n/a 0.05% 3.68% 2.97
64 16.99% # 0.00% n/a 0.03% 2.31% 2.77

128 16.99% # 0.00% n/a 0.02% 1.79% 2.70
CONSTSTACKHARVARD: Eight-way Associative

1 16.99% # 0.00% n/a 1.48% 22.98% 6.91
2 16.99% # 0.00% n/a 0.77% 12.55% 5.03
4 16.99% # 0.00% n/a 0.33% 6.38% 3.90
8 16.99% # 0.00% n/a 0.09% 4.04% 3.46
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TableD.8: javac Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 16.99% # 0.00% n/a 0.01% 2.43% 3.18
32 16.99% # 0.00% n/a # 0.00% 1.85% 3.08
64 16.99% # 0.00% n/a # 0.00% 1.53% 3.03

128 16.99% # 0.00% n/a # 0.00% 1.31% 2.99
CONSTSTACKUNI: DirectMapped

1 16.99% # 0.00% n/a n/a 15.61% 9.40
2 16.99% # 0.00% n/a n/a 10.95% 7.49
4 16.99% # 0.00% n/a n/a 7.30% 5.99
8 16.99% # 0.00% n/a n/a 4.45% 4.82

16 16.99% # 0.00% n/a n/a 2.80% 4.15
32 16.99% # 0.00% n/a n/a 1.92% 3.79
64 16.99% # 0.00% n/a n/a 1.06% 3.44

128 16.99% # 0.00% n/a n/a 0.81% 3.33
CONSTSTACKUNI: Eight-way Associative

1 16.99% # 0.00% n/a n/a 11.94% 9.00
2 16.99% # 0.00% n/a n/a 7.36% 6.86
4 16.99% # 0.00% n/a n/a 3.65% 5.13
8 16.99% # 0.00% n/a n/a 2.25% 4.48

16 16.99% # 0.00% n/a n/a 1.28% 4.02
32 16.99% # 0.00% n/a n/a 0.79% 3.79
64 16.99% # 0.00% n/a n/a 0.59% 3.70

128 16.99% # 0.00% n/a n/a 0.47% 3.64
CONSTUNI: DirectMapped

1 16.99% n/a n/a n/a 16.24% 10.94
2 16.99% n/a n/a n/a 10.94% 8.46
4 16.99% n/a n/a n/a 7.36% 6.79
8 16.99% n/a n/a n/a 4.26% 5.34

16 16.99% n/a n/a n/a 2.78% 4.65
32 16.99% n/a n/a n/a 1.99% 4.28
64 16.99% n/a n/a n/a 1.03% 3.83

128 16.99% n/a n/a n/a 0.71% 3.68
CONSTUNI: Eight-way Associative

1 16.99% n/a n/a n/a 11.04% 9.70
2 16.99% n/a n/a n/a 6.74% 7.41
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TableD.8: javac Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 16.99% n/a n/a n/a 3.27% 5.56
8 16.99% n/a n/a n/a 2.00% 4.88

16 16.99% n/a n/a n/a 1.13% 4.42
32 16.99% n/a n/a n/a 0.69% 4.18
64 16.99% n/a n/a n/a 0.52% 4.09

128 16.99% n/a n/a n/a 0.41% 4.03
CONSTUNIREG: DirectMapped

1 16.99% n/a 27.67% n/a 19.41% 8.89
2 16.99% n/a 27.62% n/a 15.25% 7.54
4 16.99% n/a 27.62% n/a 11.76% 6.41
8 16.99% n/a 27.62% n/a 6.39% 4.67

16 16.99% n/a 27.62% n/a 4.61% 4.09
32 16.99% n/a 27.62% n/a 3.53% 3.74
64 16.99% n/a 27.62% n/a 1.38% 3.04

128 16.99% n/a 27.62% n/a 0.93% 2.90
CONSTUNIREG: Eight-way Associative

1 16.99% n/a 27.50% n/a 17.41% 9.38
2 16.99% n/a 27.62% n/a 10.82% 6.96
4 16.99% n/a 27.62% n/a 5.36% 4.94
8 16.99% n/a 27.62% n/a 3.25% 4.16

16 16.99% n/a 27.62% n/a 1.72% 3.60
32 16.99% n/a 27.62% n/a 1.09% 3.36
64 16.99% n/a 27.62% n/a 0.66% 3.20

128 16.99% n/a 27.62% n/a 0.59% 3.18
HARREG: DirectMapped

1 n/a n/a 29.68% 2.08% 59.39% 6.44
2 n/a n/a 29.75% 0.80% 47.71% 5.30
4 n/a n/a 29.75% 0.58% 34.36% 4.33
8 n/a n/a 29.75% 0.28% 16.22% 3.00

16 n/a n/a 29.75% 0.11% 9.91% 2.52
32 n/a n/a 29.75% 0.05% 7.13% 2.32
64 n/a n/a 29.75% 0.03% 4.77% 2.15

128 n/a n/a 29.75% 0.02% 3.35% 2.05
HARREG: Eight-way Associative
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TableD.8: javac Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 29.65% 1.47% 54.35% 6.76
2 n/a n/a 29.75% 0.77% 31.78% 4.79
4 n/a n/a 29.75% 0.33% 15.75% 3.40
8 n/a n/a 29.75% 0.09% 9.30% 2.82

16 n/a n/a 29.75% 0.01% 5.39% 2.49
32 n/a n/a 29.75% # 0.00% 3.46% 2.34
64 n/a n/a 29.75% # 0.00% 2.55% 2.27

128 n/a n/a 29.75% # 0.00% 2.10% 2.23
STACKHARREG: DirectMapped

1 n/a # 0.00% 37.60% 2.08% 61.25% 6.35
2 n/a # 0.00% 37.71% 0.80% 49.76% 5.26
4 n/a # 0.00% 37.71% 0.58% 34.08% 4.18
8 n/a # 0.00% 37.71% 0.28% 21.11% 3.25

16 n/a # 0.00% 37.71% 0.11% 12.85% 2.67
32 n/a # 0.00% 37.71% 0.05% 9.21% 2.41
64 n/a # 0.00% 37.71% 0.03% 6.22% 2.21

128 n/a # 0.00% 37.71% 0.02% 4.81% 2.12
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 37.59% 1.47% 59.56% 6.92
2 n/a # 0.00% 37.71% 0.77% 35.19% 4.91
4 n/a # 0.00% 37.71% 0.33% 18.79% 3.55
8 n/a # 0.00% 37.71% 0.09% 11.92% 2.97

16 n/a # 0.00% 37.71% 0.01% 6.98% 2.58
32 n/a # 0.00% 37.71% # 0.00% 4.70% 2.40
64 n/a # 0.00% 37.71% # 0.00% 3.75% 2.33

128 n/a # 0.00% 37.71% # 0.00% 3.01% 2.28
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 2.08% 33.03% 8.16
2 n/a # 0.00% n/a 0.80% 23.85% 6.23
4 n/a # 0.00% n/a 0.58% 15.42% 4.71
8 n/a # 0.00% n/a 0.28% 8.84% 3.49

16 n/a # 0.00% n/a 0.11% 5.13% 2.80
32 n/a # 0.00% n/a 0.05% 3.62% 2.52
64 n/a # 0.00% n/a 0.03% 2.44% 2.31
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TableD.8: javac Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a 0.02% 1.88% 2.22
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a 1.48% 25.54% 7.64
2 n/a # 0.00% n/a 0.77% 14.50% 5.25
4 n/a # 0.00% n/a 0.33% 7.51% 3.73
8 n/a # 0.00% n/a 0.09% 4.67% 3.10

16 n/a # 0.00% n/a 0.01% 2.73% 2.69
32 n/a # 0.00% n/a # 0.00% 1.82% 2.51
64 n/a # 0.00% n/a # 0.00% 1.46% 2.44

128 n/a # 0.00% n/a # 0.00% 1.20% 2.39
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 16.97% 10.08
2 n/a # 0.00% n/a n/a 12.53% 8.12
4 n/a # 0.00% n/a n/a 8.30% 6.25
8 n/a # 0.00% n/a n/a 5.12% 4.84

16 n/a # 0.00% n/a n/a 3.34% 4.06
32 n/a # 0.00% n/a n/a 2.08% 3.50
64 n/a # 0.00% n/a n/a 1.21% 3.11

128 n/a # 0.00% n/a n/a 0.92% 2.98
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 13.62% 9.81
2 n/a # 0.00% n/a n/a 9.06% 7.51
4 n/a # 0.00% n/a n/a 4.61% 5.27
8 n/a # 0.00% n/a n/a 2.80% 4.35

16 n/a # 0.00% n/a n/a 1.55% 3.72
32 n/a # 0.00% n/a n/a 0.90% 3.39
64 n/a # 0.00% n/a n/a 0.61% 3.25

128 n/a # 0.00% n/a n/a 0.48% 3.18
STACKUNIREG: DirectMapped

1 n/a # 0.00% 37.58% n/a 16.71% 7.64
2 n/a # 0.00% 37.71% n/a 13.62% 6.62
4 n/a # 0.00% 37.71% n/a 9.67% 5.30
8 n/a # 0.00% 37.71% n/a 6.34% 4.18

16 n/a # 0.00% 37.71% n/a 4.32% 3.51
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TableD.8: javac Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 37.71% n/a 2.72% 2.97
64 n/a # 0.00% 37.71% n/a 1.59% 2.59

128 n/a # 0.00% 37.71% n/a 1.20% 2.46
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 37.58% n/a 16.40% 8.60
2 n/a # 0.00% 37.71% n/a 11.14% 6.60
4 n/a # 0.00% 37.71% n/a 5.87% 4.59
8 n/a # 0.00% 37.71% n/a 3.61% 3.73

16 n/a # 0.00% 37.71% n/a 2.04% 3.13
32 n/a # 0.00% 37.71% n/a 1.17% 2.79
64 n/a # 0.00% 37.71% n/a 0.82% 2.66

128 n/a # 0.00% 37.71% n/a 0.63% 2.59
UNIREG: DirectMapped

1 n/a n/a 29.69% n/a 20.61% 9.05
2 n/a n/a 29.75% n/a 16.50% 7.66
4 n/a n/a 29.75% n/a 12.39% 6.28
8 n/a n/a 29.75% n/a 6.83% 4.39

16 n/a n/a 29.75% n/a 4.79% 3.71
32 n/a n/a 29.75% n/a 3.26% 3.19
64 n/a n/a 29.75% n/a 1.58% 2.62

128 n/a n/a 29.75% n/a 1.11% 2.46
UNIREG: Eight-way Associative

1 n/a n/a 29.65% n/a 19.01% 9.70
2 n/a n/a 29.75% n/a 12.93% 7.36
4 n/a n/a 29.75% n/a 6.58% 4.92
8 n/a n/a 29.75% n/a 3.84% 3.86

16 n/a n/a 29.75% n/a 2.09% 3.18
32 n/a n/a 29.75% n/a 1.21% 2.84
64 n/a n/a 29.75% n/a 0.86% 2.71

128 n/a n/a 29.75% n/a 0.64% 2.62
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TableD.9: jess Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 13.72% n/a 32.53% 2.25% 66.26% 9.85
2 13.72% n/a 32.28% 1.59% 49.61% 7.93
4 13.72% n/a 32.28% 0.63% 39.36% 6.72
8 13.72% n/a 32.28% 0.40% 24.92% 5.14

16 13.72% n/a 32.28% 0.19% 12.22% 3.76
32 13.72% n/a 32.28% 0.09% 7.96% 3.29
64 13.72% n/a 32.28% 0.07% 5.88% 3.06

128 13.72% n/a 32.28% 0.03% 1.90% 2.63
CONSTHARREG: Eight-way Associative

1 13.72% n/a 32.50% 1.08% 57.75% 10.02
2 13.72% n/a 32.28% 0.49% 41.48% 7.90
4 13.72% n/a 32.28% 0.14% 24.41% 5.76
8 13.72% n/a 32.28% 0.04% 15.42% 4.65

16 13.72% n/a 32.28% 0.01% 8.45% 3.80
32 13.72% n/a 32.28% # 0.00% 4.87% 3.36
64 13.72% n/a 32.28% # 0.00% 2.26% 3.04

128 13.72% n/a 32.28% # 0.00% 1.42% 2.94
CONSTHARVARD: DirectMapped

1 13.72% n/a n/a 2.25% 29.06% 12.58
2 13.72% n/a n/a 1.59% 18.81% 9.09
4 13.72% n/a n/a 0.63% 12.92% 7.02
8 13.72% n/a n/a 0.40% 7.07% 5.06

16 13.72% n/a n/a 0.19% 4.29% 4.11
32 13.72% n/a n/a 0.09% 2.30% 3.43
64 13.72% n/a n/a 0.07% 1.46% 3.15

128 13.72% n/a n/a 0.03% 0.90% 2.96
CONSTHARVARD: Eight-way Associative

1 13.72% n/a n/a 1.08% 21.12% 11.17
2 13.72% n/a n/a 0.49% 11.98% 7.63
4 13.72% n/a n/a 0.14% 5.71% 5.21
8 13.72% n/a n/a 0.04% 2.98% 4.17

16 13.72% n/a n/a 0.01% 1.61% 3.64
32 13.72% n/a n/a # 0.00% 1.03% 3.42
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TableD.9: jess Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 13.72% n/a n/a # 0.00% 0.79% 3.33
128 13.72% n/a n/a # 0.00% 0.63% 3.27

CONSTSTACKHARREG: DirectMapped
1 13.72% # 0.00% 43.99% 2.25% 59.00% 8.89
2 13.72% # 0.00% 44.01% 1.59% 42.81% 7.11
4 13.72% # 0.00% 44.01% 0.63% 30.29% 5.68
8 13.72% # 0.00% 44.01% 0.40% 19.53% 4.52

16 13.72% # 0.00% 44.01% 0.19% 12.37% 3.74
32 13.72% # 0.00% 44.01% 0.09% 6.64% 3.12
64 13.72% # 0.00% 44.01% 0.07% 4.26% 2.87

128 13.72% # 0.00% 44.01% 0.03% 2.70% 2.70
CONSTSTACKHARREG: Eight-way Associative

1 13.72% # 0.00% 44.03% 1.08% 53.94% 9.37
2 13.72% # 0.00% 44.01% 0.49% 33.70% 6.86
4 13.72% # 0.00% 44.01% 0.14% 17.03% 4.81
8 13.72% # 0.00% 44.01% 0.04% 9.06% 3.85

16 13.72% # 0.00% 44.01% 0.01% 4.95% 3.35
32 13.72% # 0.00% 44.01% # 0.00% 3.13% 3.13
64 13.72% # 0.00% 44.01% # 0.00% 2.40% 3.04

128 13.72% # 0.00% 44.01% # 0.00% 1.99% 2.99
CONSTSTACKHARVARD: DirectMapped

1 13.72% # 0.00% n/a 2.25% 34.70% 11.03
2 13.72% # 0.00% n/a 1.59% 23.27% 8.22
4 13.72% # 0.00% n/a 0.63% 15.57% 6.27
8 13.72% # 0.00% n/a 0.40% 9.55% 4.80

16 13.72% # 0.00% n/a 0.19% 5.83% 3.89
32 13.72% # 0.00% n/a 0.09% 3.14% 3.23
64 13.72% # 0.00% n/a 0.07% 2.02% 2.96

128 13.72% # 0.00% n/a 0.03% 1.25% 2.77
CONSTSTACKHARVARD: Eight-way Associative

1 13.72% # 0.00% n/a 1.08% 27.54% 10.47
2 13.72% # 0.00% n/a 0.49% 15.86% 7.20
4 13.72% # 0.00% n/a 0.14% 7.73% 4.94
8 13.72% # 0.00% n/a 0.04% 4.06% 3.93
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TableD.9: jess Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 13.72% # 0.00% n/a 0.01% 2.24% 3.43
32 13.72% # 0.00% n/a # 0.00% 1.40% 3.20
64 13.72% # 0.00% n/a # 0.00% 1.05% 3.11

128 13.72% # 0.00% n/a # 0.00% 0.88% 3.06
CONSTSTACKUNI: DirectMapped

1 13.72% # 0.00% n/a n/a 27.81% 13.41
2 13.72% # 0.00% n/a n/a 19.04% 10.26
4 13.72% # 0.00% n/a n/a 13.10% 8.13
8 13.72% # 0.00% n/a n/a 7.88% 6.26

16 13.72% # 0.00% n/a n/a 4.96% 5.21
32 13.72% # 0.00% n/a n/a 2.82% 4.44
64 13.72% # 0.00% n/a n/a 1.60% 4.00

128 13.72% # 0.00% n/a n/a 0.95% 3.77
CONSTSTACKUNI: Eight-way Associative

1 13.72% # 0.00% n/a n/a 22.06% 12.93
2 13.72% # 0.00% n/a n/a 13.08% 9.26
4 13.72% # 0.00% n/a n/a 6.64% 6.63
8 13.72% # 0.00% n/a n/a 3.42% 5.31

16 13.72% # 0.00% n/a n/a 1.77% 4.63
32 13.72% # 0.00% n/a n/a 1.04% 4.33
64 13.72% # 0.00% n/a n/a 0.73% 4.21

128 13.72% # 0.00% n/a n/a 0.59% 4.15
CONSTUNI: DirectMapped

1 13.72% n/a n/a n/a 25.64% 15.57
2 13.72% n/a n/a n/a 16.69% 11.53
4 13.72% n/a n/a n/a 11.67% 9.26
8 13.72% n/a n/a n/a 6.41% 6.88

16 13.72% n/a n/a n/a 4.01% 5.80
32 13.72% n/a n/a n/a 2.27% 5.01
64 13.72% n/a n/a n/a 1.28% 4.57

128 13.72% n/a n/a n/a 0.75% 4.33
CONSTUNI: Eight-way Associative

1 13.72% n/a n/a n/a 18.72% 14.19
2 13.72% n/a n/a n/a 10.93% 10.18
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TableD.9: jess Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 13.72% n/a n/a n/a 5.42% 7.34
8 13.72% n/a n/a n/a 2.76% 5.97

16 13.72% n/a n/a n/a 1.43% 5.28
32 13.72% n/a n/a n/a 0.85% 4.98
64 13.72% n/a n/a n/a 0.58% 4.85

128 13.72% n/a n/a n/a 0.46% 4.78
CONSTUNIREG: DirectMapped

1 13.72% n/a 32.54% n/a 42.34% 12.51
2 13.72% n/a 32.28% n/a 31.74% 10.06
4 13.72% n/a 32.28% n/a 25.03% 8.54
8 13.72% n/a 32.28% n/a 15.87% 6.46

16 13.72% n/a 32.28% n/a 8.15% 4.70
32 13.72% n/a 32.28% n/a 5.30% 4.06
64 13.72% n/a 32.28% n/a 3.64% 3.68

128 13.72% n/a 32.28% n/a 1.22% 3.13
CONSTUNIREG: Eight-way Associative

1 13.72% n/a 32.50% n/a 37.60% 13.03
2 13.72% n/a 32.28% n/a 26.96% 10.23
4 13.72% n/a 32.28% n/a 16.42% 7.50
8 13.72% n/a 32.28% n/a 9.77% 5.78

16 13.72% n/a 32.28% n/a 5.39% 4.65
32 13.72% n/a 32.28% n/a 3.03% 4.04
64 13.72% n/a 32.28% n/a 1.25% 3.58

128 13.72% n/a 32.28% n/a 0.78% 3.45
HARREG: DirectMapped

1 n/a n/a 34.78% 2.25% 63.62% 10.45
2 n/a n/a 34.48% 1.59% 46.87% 8.10
4 n/a n/a 34.48% 0.63% 36.64% 6.64
8 n/a n/a 34.48% 0.40% 19.04% 4.31

16 n/a n/a 34.48% 0.19% 10.20% 3.12
32 n/a n/a 34.48% 0.09% 5.67% 2.52
64 n/a n/a 34.48% 0.07% 3.36% 2.21

128 n/a n/a 34.48% 0.03% 2.06% 2.04
HARREG: Eight-way Associative
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TableD.9: jess Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 34.54% 1.08% 55.75% 10.50
2 n/a n/a 34.48% 0.49% 37.78% 7.72
4 n/a n/a 34.48% 0.14% 18.31% 4.77
8 n/a n/a 34.48% 0.04% 8.26% 3.25

16 n/a n/a 34.48% 0.01% 4.14% 2.63
32 n/a n/a 34.48% # 0.00% 2.47% 2.38
64 n/a n/a 34.48% # 0.00% 1.64% 2.26

128 n/a n/a 34.48% # 0.00% 1.41% 2.22
STACKHARREG: DirectMapped

1 n/a # 0.00% 44.70% 2.25% 59.07% 9.60
2 n/a # 0.00% 44.75% 1.59% 43.40% 7.52
4 n/a # 0.00% 44.75% 0.63% 31.60% 5.89
8 n/a # 0.00% 44.75% 0.40% 21.02% 4.50

16 n/a # 0.00% 44.75% 0.19% 13.20% 3.47
32 n/a # 0.00% 44.75% 0.09% 7.30% 2.70
64 n/a # 0.00% 44.75% 0.07% 4.48% 2.34

128 n/a # 0.00% 44.75% 0.03% 2.78% 2.11
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 44.72% 1.07% 54.83% 10.17
2 n/a # 0.00% 44.75% 0.48% 35.48% 7.26
4 n/a # 0.00% 44.75% 0.14% 18.51% 4.73
8 n/a # 0.00% 44.75% 0.04% 9.72% 3.43

16 n/a # 0.00% 44.75% 0.01% 5.27% 2.77
32 n/a # 0.00% 44.75% # 0.00% 3.28% 2.48
64 n/a # 0.00% 44.75% # 0.00% 2.24% 2.33

128 n/a # 0.00% 44.75% # 0.00% 1.80% 2.26
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 2.25% 33.68% 11.75
2 n/a # 0.00% n/a 1.59% 23.24% 8.67
4 n/a # 0.00% n/a 0.63% 16.01% 6.48
8 n/a # 0.00% n/a 0.40% 10.27% 4.81

16 n/a # 0.00% n/a 0.19% 6.25% 3.63
32 n/a # 0.00% n/a 0.09% 3.44% 2.81
64 n/a # 0.00% n/a 0.07% 2.11% 2.43
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TableD.9: jess Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a 0.03% 1.29% 2.19
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a 1.08% 27.76% 11.30
2 n/a # 0.00% n/a 0.48% 16.90% 7.66
4 n/a # 0.00% n/a 0.14% 8.58% 4.89
8 n/a # 0.00% n/a 0.04% 4.47% 3.54

16 n/a # 0.00% n/a 0.01% 2.40% 2.85
32 n/a # 0.00% n/a # 0.00% 1.50% 2.56
64 n/a # 0.00% n/a # 0.00% 1.05% 2.41

128 n/a # 0.00% n/a # 0.00% 0.86% 2.35
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 28.19% 14.43
2 n/a # 0.00% n/a n/a 19.94% 11.08
4 n/a # 0.00% n/a n/a 14.25% 8.76
8 n/a # 0.00% n/a n/a 8.63% 6.47

16 n/a # 0.00% n/a n/a 5.40% 5.16
32 n/a # 0.00% n/a n/a 3.10% 4.22
64 n/a # 0.00% n/a n/a 1.73% 3.67

128 n/a # 0.00% n/a n/a 1.02% 3.38
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 23.07% 14.08
2 n/a # 0.00% n/a n/a 14.43% 10.07
4 n/a # 0.00% n/a n/a 7.50% 6.86
8 n/a # 0.00% n/a n/a 3.90% 5.18

16 n/a # 0.00% n/a n/a 2.04% 4.32
32 n/a # 0.00% n/a n/a 1.17% 3.92
64 n/a # 0.00% n/a n/a 0.78% 3.74

128 n/a # 0.00% n/a n/a 0.62% 3.66
STACKUNIREG: DirectMapped

1 n/a # 0.00% 44.70% n/a 36.26% 11.27
2 n/a # 0.00% 44.75% n/a 26.99% 8.97
4 n/a # 0.00% 44.75% n/a 20.05% 7.25
8 n/a # 0.00% 44.75% n/a 12.98% 5.49

16 n/a # 0.00% 44.75% n/a 8.32% 4.33
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TableD.9: jess Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 44.75% n/a 4.73% 3.44
64 n/a # 0.00% 44.75% n/a 2.72% 2.94

128 n/a # 0.00% 44.75% n/a 1.63% 2.67
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 44.72% n/a 33.26% 11.99
2 n/a # 0.00% 44.75% n/a 22.39% 8.92
4 n/a # 0.00% 44.75% n/a 11.96% 5.97
8 n/a # 0.00% 44.75% n/a 6.29% 4.37

16 n/a # 0.00% 44.75% n/a 3.31% 3.52
32 n/a # 0.00% 44.75% n/a 1.89% 3.12
64 n/a # 0.00% 44.75% n/a 1.22% 2.93

128 n/a # 0.00% 44.75% n/a 1.02% 2.87
UNIREG: DirectMapped

1 n/a n/a 34.78% n/a 43.03% 13.15
2 n/a n/a 34.48% n/a 31.86% 10.28
4 n/a n/a 34.48% n/a 24.94% 8.55
8 n/a n/a 34.48% n/a 13.10% 5.58

16 n/a n/a 34.48% n/a 7.33% 4.13
32 n/a n/a 34.48% n/a 4.17% 3.34
64 n/a n/a 34.48% n/a 2.33% 2.87

128 n/a n/a 34.48% n/a 1.39% 2.64
UNIREG: Eight-way Associative

1 n/a n/a 34.54% n/a 38.07% 13.51
2 n/a n/a 34.48% n/a 26.83% 10.29
4 n/a n/a 34.48% n/a 14.05% 6.63
8 n/a n/a 34.48% n/a 6.06% 4.34

16 n/a n/a 34.48% n/a 2.95% 3.45
32 n/a n/a 34.48% n/a 1.65% 3.08
64 n/a n/a 34.48% n/a 1.04% 2.91

128 n/a n/a 34.48% n/a 0.85% 2.85
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TableD.10: linpack Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 0.22% n/a 19.11% 0.02% 26.97% 3.37
2 0.22% n/a 19.35% # 0.00% 14.80% 2.58
4 0.22% n/a 19.35% # 0.00% 3.92% 1.85
8 0.22% n/a 19.35% # 0.00% 2.26% 1.73

16 0.22% n/a 19.35% # 0.00% 1.70% 1.70
32 0.22% n/a 19.35% # 0.00% 1.45% 1.68
64 0.22% n/a 19.35% # 0.00% 1.13% 1.66

128 0.22% n/a 19.35% # 0.00% 1.11% 1.66
CONSTHARREG: Eight-way Associative

1 0.22% n/a 19.34% # 0.00% 26.40% 3.83
2 0.22% n/a 19.35% # 0.00% 8.17% 2.43
4 0.22% n/a 19.35% # 0.00% 2.58% 2.00
8 0.22% n/a 19.35% # 0.00% 2.07% 1.96

16 0.22% n/a 19.35% # 0.00% 1.51% 1.92
32 0.22% n/a 19.35% # 0.00% 1.32% 1.90
64 0.22% n/a 19.35% # 0.00% 1.20% 1.90

128 0.22% n/a 19.35% # 0.00% 1.09% 1.89
CONSTHARVARD: DirectMapped

1 0.22% n/a n/a 0.02% 13.52% 6.71
2 0.22% n/a n/a # 0.00% 6.75% 4.35
4 0.22% n/a n/a # 0.00% 1.84% 2.65
8 0.22% n/a n/a # 0.00% 1.10% 2.39

16 0.22% n/a n/a # 0.00% 0.83% 2.30
32 0.22% n/a n/a # 0.00% 0.67% 2.24
64 0.22% n/a n/a # 0.00% 0.55% 2.20

128 0.22% n/a n/a # 0.00% 0.55% 2.20
CONSTHARVARD: Eight-way Associative

1 0.22% n/a n/a # 0.00% 8.57% 5.69
2 0.22% n/a n/a # 0.00% 2.08% 3.11
4 0.22% n/a n/a # 0.00% 1.08% 2.72
8 0.22% n/a n/a # 0.00% 0.89% 2.64

16 0.22% n/a n/a # 0.00% 0.66% 2.55
32 0.22% n/a n/a # 0.00% 0.55% 2.51
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TableD.10: linpack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 0.22% n/a n/a # 0.00% 0.54% 2.50
128 0.22% n/a n/a # 0.00% 0.53% 2.50

CONSTSTACKHARREG: DirectMapped
1 0.22% # 0.00% 40.25% 0.02% 47.98% 4.47
2 0.22% # 0.00% 38.66% # 0.00% 36.02% 3.65
4 0.22% # 0.00% 38.66% # 0.00% 8.80% 2.06
8 0.22% # 0.00% 38.66% # 0.00% 5.34% 1.86

16 0.22% # 0.00% 38.66% # 0.00% 4.07% 1.78
32 0.22% # 0.00% 38.66% # 0.00% 3.46% 1.75
64 0.22% # 0.00% 38.66% # 0.00% 2.88% 1.71

128 0.22% # 0.00% 38.66% # 0.00% 2.85% 1.71
CONSTSTACKHARREG: Eight-way Associative

1 0.22% # 0.00% 38.08% # 0.00% 32.77% 3.90
2 0.22% # 0.00% 38.66% # 0.00% 9.37% 2.38
4 0.22% # 0.00% 38.66% # 0.00% 5.53% 2.13
8 0.22% # 0.00% 38.66% # 0.00% 4.64% 2.07

16 0.22% # 0.00% 38.66% # 0.00% 3.46% 1.99
32 0.22% # 0.00% 38.66% # 0.00% 2.88% 1.95
64 0.22% # 0.00% 38.66% # 0.00% 2.84% 1.95

128 0.22% # 0.00% 38.66% # 0.00% 2.80% 1.95
CONSTSTACKHARVARD: DirectMapped

1 0.22% # 0.00% n/a 0.02% 26.52% 5.61
2 0.22% # 0.00% n/a # 0.00% 15.33% 3.93
4 0.22% # 0.00% n/a # 0.00% 4.11% 2.23
8 0.22% # 0.00% n/a # 0.00% 2.51% 1.99

16 0.22% # 0.00% n/a # 0.00% 1.91% 1.90
32 0.22% # 0.00% n/a # 0.00% 1.53% 1.84
64 0.22% # 0.00% n/a # 0.00% 1.27% 1.81

128 0.22% # 0.00% n/a # 0.00% 1.26% 1.80
CONSTSTACKHARVARD: Eight-way Associative

1 0.22% # 0.00% n/a # 0.00% 16.16% 4.62
2 0.22% # 0.00% n/a # 0.00% 4.27% 2.57
4 0.22% # 0.00% n/a # 0.00% 2.42% 2.26
8 0.22% # 0.00% n/a # 0.00% 2.03% 2.19
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TableD.10: linpack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 0.22% # 0.00% n/a # 0.00% 1.52% 2.10
32 0.22% # 0.00% n/a # 0.00% 1.26% 2.06
64 0.22% # 0.00% n/a # 0.00% 1.24% 2.05

128 0.22% # 0.00% n/a # 0.00% 1.23% 2.05
CONSTSTACKUNI: DirectMapped

1 0.22% # 0.00% n/a n/a 16.50% 6.60
2 0.22% # 0.00% n/a n/a 9.79% 4.82
4 0.22% # 0.00% n/a n/a 2.40% 2.86
8 0.22% # 0.00% n/a n/a 1.48% 2.61

16 0.22% # 0.00% n/a n/a 1.12% 2.51
32 0.22% # 0.00% n/a n/a 0.88% 2.45
64 0.22% # 0.00% n/a n/a 0.73% 2.41

128 0.22% # 0.00% n/a n/a 0.72% 2.41
CONSTSTACKUNI: Eight-way Associative

1 0.22% # 0.00% n/a n/a 12.69% 6.37
2 0.22% # 0.00% n/a n/a 2.75% 3.36
4 0.22% # 0.00% n/a n/a 1.44% 2.96
8 0.22% # 0.00% n/a n/a 1.19% 2.89

16 0.22% # 0.00% n/a n/a 0.88% 2.79
32 0.22% # 0.00% n/a n/a 0.72% 2.75
64 0.22% # 0.00% n/a n/a 0.71% 2.74

128 0.22% # 0.00% n/a n/a 0.70% 2.74
CONSTUNI: DirectMapped

1 0.22% n/a n/a n/a 11.01% 8.49
2 0.22% n/a n/a n/a 5.70% 6.04
4 0.22% n/a n/a n/a 1.42% 4.06
8 0.22% n/a n/a n/a 0.86% 3.80

16 0.22% n/a n/a n/a 0.65% 3.70
32 0.22% n/a n/a n/a 0.51% 3.63
64 0.22% n/a n/a n/a 0.42% 3.59

128 0.22% n/a n/a n/a 0.41% 3.59
CONSTUNI: Eight-way Associative

1 0.22% n/a n/a n/a 8.57% 8.39
2 0.22% n/a n/a n/a 1.78% 4.82
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TableD.10: linpack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 0.22% n/a n/a n/a 0.85% 4.32
8 0.22% n/a n/a n/a 0.69% 4.24

16 0.22% n/a n/a n/a 0.51% 4.14
32 0.22% n/a n/a n/a 0.41% 4.09
64 0.22% n/a n/a n/a 0.41% 4.09

128 0.22% n/a n/a n/a 0.40% 4.09
CONSTUNIREG: DirectMapped

1 0.22% n/a 19.11% n/a 17.39% 5.00
2 0.22% n/a 19.35% n/a 9.83% 3.64
4 0.22% n/a 19.35% n/a 2.40% 2.29
8 0.22% n/a 19.35% n/a 1.40% 2.11

16 0.22% n/a 19.35% n/a 1.04% 2.04
32 0.22% n/a 19.35% n/a 0.87% 2.01
64 0.22% n/a 19.35% n/a 0.68% 1.97

128 0.22% n/a 19.35% n/a 0.67% 1.97
CONSTUNIREG: Eight-way Associative

1 0.22% n/a 19.34% n/a 16.02% 5.44
2 0.22% n/a 19.35% n/a 5.34% 3.22
4 0.22% n/a 19.35% n/a 1.57% 2.44
8 0.22% n/a 19.35% n/a 1.27% 2.37

16 0.22% n/a 19.35% n/a 0.83% 2.28
32 0.22% n/a 19.35% n/a 0.80% 2.28
64 0.22% n/a 19.35% n/a 0.66% 2.25

128 0.22% n/a 19.35% n/a 0.65% 2.25
HARREG: DirectMapped

1 n/a n/a 24.88% 0.02% 27.36% 4.24
2 n/a n/a 23.82% # 0.00% 14.44% 2.92
4 n/a n/a 23.82% # 0.00% 5.17% 2.07
8 n/a n/a 23.82% # 0.00% 2.89% 1.86

16 n/a n/a 23.82% # 0.00% 1.49% 1.73
32 n/a n/a 23.82% # 0.00% 1.23% 1.71
64 n/a n/a 23.82% # 0.00% 1.02% 1.69

128 n/a n/a 23.82% # 0.00% 1.00% 1.69
HARREG: Eight-way Associative
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TableD.10: linpack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 23.60% # 0.00% 22.72% 4.17
2 n/a n/a 23.82% # 0.00% 5.88% 2.44
4 n/a n/a 23.82% # 0.00% 2.29% 2.06
8 n/a n/a 23.82% # 0.00% 1.71% 2.00

16 n/a n/a 23.82% # 0.00% 1.29% 1.96
32 n/a n/a 23.82% # 0.00% 1.02% 1.93
64 n/a n/a 23.82% # 0.00% 1.00% 1.92

128 n/a n/a 23.82% # 0.00% 0.98% 1.92
STACKHARREG: DirectMapped

1 n/a # 0.00% 38.62% 0.02% 45.42% 4.82
2 n/a # 0.00% 39.07% # 0.00% 34.79% 4.08
4 n/a # 0.00% 39.07% # 0.00% 11.61% 2.38
8 n/a # 0.00% 39.07% # 0.00% 6.66% 2.01

16 n/a # 0.00% 39.07% # 0.00% 3.49% 1.78
32 n/a # 0.00% 39.07% # 0.00% 2.89% 1.74
64 n/a # 0.00% 39.07% # 0.00% 2.39% 1.70

128 n/a # 0.00% 39.07% # 0.00% 2.37% 1.70
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 38.62% # 0.00% 31.15% 4.31
2 n/a # 0.00% 39.07% # 0.00% 8.24% 2.43
4 n/a # 0.00% 39.07% # 0.00% 4.74% 2.13
8 n/a # 0.00% 39.07% # 0.00% 3.91% 2.07

16 n/a # 0.00% 39.07% # 0.00% 2.92% 1.98
32 n/a # 0.00% 39.07% # 0.00% 2.40% 1.94
64 n/a # 0.00% 39.07% # 0.00% 2.37% 1.94

128 n/a # 0.00% 39.07% # 0.00% 2.32% 1.93
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 0.02% 24.93% 6.30
2 n/a # 0.00% n/a # 0.00% 15.94% 4.60
4 n/a # 0.00% n/a # 0.00% 5.21% 2.59
8 n/a # 0.00% n/a # 0.00% 3.01% 2.17

16 n/a # 0.00% n/a # 0.00% 1.60% 1.91
32 n/a # 0.00% n/a # 0.00% 1.26% 1.84
64 n/a # 0.00% n/a # 0.00% 1.04% 1.80
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TableD.10: linpack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a # 0.00% 1.02% 1.80
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a # 0.00% 15.11% 5.07
2 n/a # 0.00% n/a # 0.00% 3.68% 2.62
4 n/a # 0.00% n/a # 0.00% 2.04% 2.27
8 n/a # 0.00% n/a # 0.00% 1.68% 2.19

16 n/a # 0.00% n/a # 0.00% 1.25% 2.10
32 n/a # 0.00% n/a # 0.00% 1.04% 2.05
64 n/a # 0.00% n/a # 0.00% 1.01% 2.05

128 n/a # 0.00% n/a # 0.00% 1.00% 2.05
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 16.75% 7.43
2 n/a # 0.00% n/a n/a 10.85% 5.65
4 n/a # 0.00% n/a n/a 3.30% 3.36
8 n/a # 0.00% n/a n/a 1.92% 2.94

16 n/a # 0.00% n/a n/a 1.02% 2.67
32 n/a # 0.00% n/a n/a 0.79% 2.60
64 n/a # 0.00% n/a n/a 0.65% 2.56

128 n/a # 0.00% n/a n/a 0.64% 2.55
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 13.09% 7.21
2 n/a # 0.00% n/a n/a 2.78% 3.65
4 n/a # 0.00% n/a n/a 1.33% 3.15
8 n/a # 0.00% n/a n/a 1.07% 3.06

16 n/a # 0.00% n/a n/a 0.79% 2.96
32 n/a # 0.00% n/a n/a 0.64% 2.91
64 n/a # 0.00% n/a n/a 0.63% 2.91

128 n/a # 0.00% n/a n/a 0.62% 2.90
STACKUNIREG: DirectMapped

1 n/a # 0.00% 39.06% n/a 21.28% 5.82
2 n/a # 0.00% 39.07% n/a 15.85% 4.80
4 n/a # 0.00% 39.07% n/a 4.90% 2.74
8 n/a # 0.00% 39.07% n/a 2.83% 2.35

16 n/a # 0.00% 39.07% n/a 1.48% 2.10
continuedon next page
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TableD.10: linpack Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 39.07% n/a 1.21% 2.05
64 n/a # 0.00% 39.07% n/a 1.00% 2.01

128 n/a # 0.00% 39.07% n/a 0.99% 2.00
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 38.62% n/a 17.35% 5.77
2 n/a # 0.00% 39.07% n/a 4.18% 2.97
4 n/a # 0.00% 39.07% n/a 2.07% 2.52
8 n/a # 0.00% 39.07% n/a 1.67% 2.43

16 n/a # 0.00% 39.07% n/a 1.23% 2.34
32 n/a # 0.00% 39.07% n/a 1.00% 2.29
64 n/a # 0.00% 39.07% n/a 0.97% 2.28

128 n/a # 0.00% 39.07% n/a 0.96% 2.28
UNIREG: DirectMapped

1 n/a n/a 24.88% n/a 18.40% 5.87
2 n/a n/a 23.82% n/a 9.96% 4.02
4 n/a n/a 23.82% n/a 3.29% 2.64
8 n/a n/a 23.82% n/a 1.86% 2.35

16 n/a n/a 23.82% n/a 0.96% 2.16
32 n/a n/a 23.82% n/a 0.78% 2.12
64 n/a n/a 23.82% n/a 0.64% 2.10

128 n/a n/a 23.82% n/a 0.63% 2.09
UNIREG: Eight-way Associative

1 n/a n/a 23.60% n/a 17.00% 6.22
2 n/a n/a 23.82% n/a 4.18% 3.22
4 n/a n/a 23.82% n/a 1.49% 2.59
8 n/a n/a 23.82% n/a 1.10% 2.50

16 n/a n/a 23.82% n/a 0.80% 2.43
32 n/a n/a 23.82% n/a 0.64% 2.39
64 n/a n/a 23.82% n/a 0.63% 2.39

128 n/a n/a 23.82% n/a 0.62% 2.38
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TableD.11: mpegaudio Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 6.36% n/a 23.53% 1.01% 48.06% 5.86
2 6.36% n/a 23.52% 0.69% 29.63% 4.31
4 6.36% n/a 23.52% 0.47% 20.04% 3.50
8 6.36% n/a 23.52% 0.14% 7.14% 2.40

16 6.36% n/a 23.52% 0.03% 4.95% 2.21
32 6.36% n/a 23.52% 0.02% 3.23% 2.07
64 6.36% n/a 23.52% 0.01% 2.37% 2.00

128 6.36% n/a 23.52% 0.01% 1.44% 1.92
CONSTHARREG: Eight-way Associative

1 6.36% n/a 23.51% 0.53% 41.21% 5.97
2 6.36% n/a 23.52% 0.27% 18.94% 3.86
4 6.36% n/a 23.52% 0.05% 7.72% 2.78
8 6.36% n/a 23.52% 0.03% 3.62% 2.40

16 6.36% n/a 23.52% 0.01% 2.03% 2.25
32 6.36% n/a 23.52% # 0.00% 1.53% 2.20
64 6.36% n/a 23.52% # 0.00% 1.11% 2.16

128 6.36% n/a 23.52% # 0.00% 0.83% 2.13
CONSTHARVARD: DirectMapped

1 6.36% n/a n/a 1.01% 18.56% 8.76
2 6.36% n/a n/a 0.69% 12.47% 6.60
4 6.36% n/a n/a 0.47% 8.95% 5.34
8 6.36% n/a n/a 0.14% 4.26% 3.67

16 6.36% n/a n/a 0.03% 3.41% 3.36
32 6.36% n/a n/a 0.02% 2.67% 3.10
64 6.36% n/a n/a 0.01% 2.32% 2.98

128 6.36% n/a n/a 0.01% 2.05% 2.89
CONSTHARVARD: Eight-way Associative

1 6.36% n/a n/a 0.53% 11.81% 7.24
2 6.36% n/a n/a 0.27% 4.28% 4.21
4 6.36% n/a n/a 0.05% 1.87% 3.22
8 6.36% n/a n/a 0.03% 1.01% 2.88

16 6.36% n/a n/a 0.01% 0.68% 2.75
32 6.36% n/a n/a # 0.00% 0.56% 2.70
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TableD.11: mpegaudio Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 6.36% n/a n/a # 0.00% 0.43% 2.65
128 6.36% n/a n/a # 0.00% 0.34% 2.61

CONSTSTACKHARREG: DirectMapped
1 6.36% # 0.00% 32.17% 1.01% 42.93% 4.89
2 6.36% # 0.00% 32.18% 0.69% 32.86% 4.15
4 6.36% # 0.00% 32.18% 0.47% 23.80% 3.48
8 6.36% # 0.00% 32.18% 0.14% 10.22% 2.49

16 6.36% # 0.00% 32.18% 0.03% 7.33% 2.27
32 6.36% # 0.00% 32.18% 0.02% 5.01% 2.11
64 6.36% # 0.00% 32.18% 0.01% 3.52% 2.00

128 6.36% # 0.00% 32.18% 0.01% 2.47% 1.93
CONSTSTACKHARREG: Eight-way Associative

1 6.36% # 0.00% 32.16% 0.53% 34.81% 4.86
2 6.36% # 0.00% 32.18% 0.27% 17.89% 3.47
4 6.36% # 0.00% 32.18% 0.05% 8.43% 2.68
8 6.36% # 0.00% 32.18% 0.03% 4.67% 2.38

16 6.36% # 0.00% 32.18% 0.01% 3.16% 2.26
32 6.36% # 0.00% 32.18% # 0.00% 2.56% 2.21
64 6.36% # 0.00% 32.18% # 0.00% 2.08% 2.17

128 6.36% # 0.00% 32.18% # 0.00% 1.69% 2.14
CONSTSTACKHARVARD: DirectMapped

1 6.36% # 0.00% n/a 1.01% 25.19% 7.53
2 6.36% # 0.00% n/a 0.69% 18.49% 6.03
4 6.36% # 0.00% n/a 0.47% 14.01% 5.02
8 6.36% # 0.00% n/a 0.14% 6.70% 3.39

16 6.36% # 0.00% n/a 0.03% 5.40% 3.09
32 6.36% # 0.00% n/a 0.02% 4.24% 2.84
64 6.36% # 0.00% n/a 0.01% 3.69% 2.72

128 6.36% # 0.00% n/a 0.01% 3.27% 2.63
CONSTSTACKHARVARD: Eight-way Associative

1 6.36% # 0.00% n/a 0.53% 14.65% 5.89
2 6.36% # 0.00% n/a 0.27% 6.31% 3.78
4 6.36% # 0.00% n/a 0.05% 2.87% 2.90
8 6.36% # 0.00% n/a 0.03% 1.59% 2.58
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TableD.11: mpegaudio Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 6.36% # 0.00% n/a 0.01% 1.07% 2.45
32 6.36% # 0.00% n/a # 0.00% 0.89% 2.40
64 6.36% # 0.00% n/a # 0.00% 0.69% 2.35

128 6.36% # 0.00% n/a # 0.00% 0.54% 2.32
CONSTSTACKUNI: DirectMapped

1 6.36% # 0.00% n/a n/a 19.70% 9.54
2 6.36% # 0.00% n/a n/a 14.34% 7.70
4 6.36% # 0.00% n/a n/a 10.99% 6.55
8 6.36% # 0.00% n/a n/a 5.48% 4.66

16 6.36% # 0.00% n/a n/a 4.41% 4.30
32 6.36% # 0.00% n/a n/a 3.59% 4.01
64 6.36% # 0.00% n/a n/a 2.50% 3.64

128 6.36% # 0.00% n/a n/a 2.21% 3.54
CONSTSTACKUNI: Eight-way Associative

1 6.36% # 0.00% n/a n/a 12.30% 7.98
2 6.36% # 0.00% n/a n/a 5.52% 5.33
4 6.36% # 0.00% n/a n/a 2.63% 4.20
8 6.36% # 0.00% n/a n/a 1.25% 3.66

16 6.36% # 0.00% n/a n/a 0.79% 3.48
32 6.36% # 0.00% n/a n/a 0.57% 3.40
64 6.36% # 0.00% n/a n/a 0.52% 3.37

128 6.36% # 0.00% n/a n/a 0.37% 3.32
CONSTUNI: DirectMapped

1 6.36% n/a n/a n/a 16.77% 11.50
2 6.36% n/a n/a n/a 11.12% 8.82
4 6.36% n/a n/a n/a 8.13% 7.41
8 6.36% n/a n/a n/a 4.03% 5.47

16 6.36% n/a n/a n/a 3.23% 5.09
32 6.36% n/a n/a n/a 2.61% 4.80
64 6.36% n/a n/a n/a 1.82% 4.42

128 6.36% n/a n/a n/a 1.61% 4.32
CONSTUNI: Eight-way Associative

1 6.36% n/a n/a n/a 10.97% 9.98
2 6.36% n/a n/a n/a 4.32% 6.39
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TableD.11: mpegaudio Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 6.36% n/a n/a n/a 1.97% 5.13
8 6.36% n/a n/a n/a 0.91% 4.55

16 6.36% n/a n/a n/a 0.57% 4.37
32 6.36% n/a n/a n/a 0.40% 4.28
64 6.36% n/a n/a n/a 0.35% 4.25

128 6.36% n/a n/a n/a 0.26% 4.20
CONSTUNIREG: DirectMapped

1 6.36% n/a 23.52% n/a 30.07% 8.35
2 6.36% n/a 23.52% n/a 18.89% 6.04
4 6.36% n/a 23.52% n/a 13.21% 4.86
8 6.36% n/a 23.52% n/a 5.32% 3.23

16 6.36% n/a 23.52% n/a 3.85% 2.93
32 6.36% n/a 23.52% n/a 2.82% 2.71
64 6.36% n/a 23.52% n/a 1.47% 2.44

128 6.36% n/a 23.52% n/a 0.93% 2.32
CONSTUNIREG: Eight-way Associative

1 6.36% n/a 23.51% n/a 27.10% 8.82
2 6.36% n/a 23.52% n/a 13.34% 5.57
4 6.36% n/a 23.52% n/a 6.08% 3.86
8 6.36% n/a 23.52% n/a 2.51% 3.02

16 6.36% n/a 23.52% n/a 1.23% 2.72
32 6.36% n/a 23.52% n/a 0.78% 2.61
64 6.36% n/a 23.52% n/a 0.63% 2.58

128 6.36% n/a 23.52% n/a 0.45% 2.54
HARREG: DirectMapped

1 n/a n/a 26.30% 1.01% 44.12% 6.12
2 n/a n/a 26.33% 0.69% 30.45% 4.74
4 n/a n/a 26.33% 0.47% 21.26% 3.80
8 n/a n/a 26.33% 0.14% 9.20% 2.57

16 n/a n/a 26.33% 0.03% 6.89% 2.33
32 n/a n/a 26.33% 0.02% 5.16% 2.16
64 n/a n/a 26.33% 0.01% 4.34% 2.07

128 n/a n/a 26.33% 0.01% 3.39% 1.98
HARREG: Eight-way Associative

continuedon next page



APPENDIXD. HYBRID CACHE RESULTS 168

TableD.11: mpegaudio Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 26.29% 0.53% 37.74% 6.19
2 n/a n/a 26.33% 0.27% 17.34% 3.86
4 n/a n/a 26.33% 0.05% 7.45% 2.72
8 n/a n/a 26.33% 0.03% 3.49% 2.27

16 n/a n/a 26.33% 0.01% 2.09% 2.11
32 n/a n/a 26.33% # 0.00% 1.26% 2.02
64 n/a n/a 26.33% # 0.00% 1.19% 2.01

128 n/a n/a 26.33% # 0.00% 0.81% 1.97
STACKHARREG: DirectMapped

1 n/a # 0.00% 35.75% 1.01% 46.35% 5.78
2 n/a # 0.00% 35.77% 0.69% 36.21% 4.86
4 n/a # 0.00% 35.77% 0.47% 27.31% 4.05
8 n/a # 0.00% 35.77% 0.14% 10.49% 2.54

16 n/a # 0.00% 35.77% 0.03% 7.27% 2.24
32 n/a # 0.00% 35.77% 0.02% 4.60% 2.01
64 n/a # 0.00% 35.77% 0.01% 3.29% 1.89

128 n/a # 0.00% 35.77% 0.01% 2.41% 1.81
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 35.75% 0.53% 37.65% 5.66
2 n/a # 0.00% 35.77% 0.26% 19.13% 3.77
4 n/a # 0.00% 35.77% 0.05% 9.03% 2.73
8 n/a # 0.00% 35.77% 0.03% 4.47% 2.28

16 n/a # 0.00% 35.77% 0.01% 2.88% 2.11
32 n/a # 0.00% 35.77% # 0.00% 2.32% 2.06
64 n/a # 0.00% 35.77% # 0.00% 1.90% 2.02

128 n/a # 0.00% 35.77% # 0.00% 1.41% 1.97
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 1.01% 27.26% 8.54
2 n/a # 0.00% n/a 0.69% 20.11% 6.75
4 n/a # 0.00% n/a 0.47% 15.36% 5.56
8 n/a # 0.00% n/a 0.14% 6.87% 3.44

16 n/a # 0.00% n/a 0.03% 5.28% 3.04
32 n/a # 0.00% n/a 0.02% 4.11% 2.75
64 n/a # 0.00% n/a 0.01% 3.59% 2.62
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TableD.11: mpegaudio Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a 0.01% 3.05% 2.49
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a 0.53% 16.95% 6.79
2 n/a # 0.00% n/a 0.27% 7.53% 4.12
4 n/a # 0.00% n/a 0.05% 3.40% 2.94
8 n/a # 0.00% n/a 0.03% 1.66% 2.45

16 n/a # 0.00% n/a 0.01% 1.10% 2.29
32 n/a # 0.00% n/a # 0.00% 0.88% 2.23
64 n/a # 0.00% n/a # 0.00% 0.75% 2.19

128 n/a # 0.00% n/a # 0.00% 0.57% 2.14
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 21.31% 10.60
2 n/a # 0.00% n/a n/a 15.70% 8.53
4 n/a # 0.00% n/a n/a 11.96% 7.14
8 n/a # 0.00% n/a n/a 5.72% 4.84

16 n/a # 0.00% n/a n/a 4.41% 4.35
32 n/a # 0.00% n/a n/a 3.56% 4.04
64 n/a # 0.00% n/a n/a 2.52% 3.65

128 n/a # 0.00% n/a n/a 2.14% 3.51
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 13.99% 9.00
2 n/a # 0.00% n/a n/a 6.50% 5.84
4 n/a # 0.00% n/a n/a 3.14% 4.42
8 n/a # 0.00% n/a n/a 1.41% 3.70

16 n/a # 0.00% n/a n/a 0.84% 3.45
32 n/a # 0.00% n/a n/a 0.61% 3.36
64 n/a # 0.00% n/a n/a 0.53% 3.32

128 n/a # 0.00% n/a n/a 0.37% 3.26
STACKUNIREG: DirectMapped

1 n/a # 0.00% 35.75% n/a 23.62% 6.97
2 n/a # 0.00% 35.77% n/a 18.81% 5.95
4 n/a # 0.00% 35.77% n/a 14.28% 4.99
8 n/a # 0.00% 35.77% n/a 6.34% 3.30

16 n/a # 0.00% 35.77% n/a 4.54% 2.92
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TableD.11: mpegaudio Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 35.77% n/a 3.31% 2.65
64 n/a # 0.00% 35.77% n/a 1.63% 2.30

128 n/a # 0.00% 35.77% n/a 1.22% 2.21
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 35.75% n/a 19.96% 7.06
2 n/a # 0.00% 35.77% n/a 10.50% 4.77
4 n/a # 0.00% 35.77% n/a 5.33% 3.52
8 n/a # 0.00% 35.77% n/a 2.44% 2.82

16 n/a # 0.00% 35.77% n/a 1.46% 2.58
32 n/a # 0.00% 35.77% n/a 1.02% 2.47
64 n/a # 0.00% 35.77% n/a 0.89% 2.44

128 n/a # 0.00% 35.77% n/a 0.67% 2.39
UNIREG: DirectMapped

1 n/a n/a 26.31% n/a 28.80% 8.48
2 n/a n/a 26.33% n/a 20.01% 6.52
4 n/a n/a 26.33% n/a 14.19% 5.22
8 n/a n/a 26.33% n/a 6.72% 3.54

16 n/a n/a 26.33% n/a 5.08% 3.18
32 n/a n/a 26.33% n/a 4.00% 2.94
64 n/a n/a 26.33% n/a 2.66% 2.63

128 n/a n/a 26.33% n/a 2.08% 2.51
UNIREG: Eight-way Associative

1 n/a n/a 26.30% n/a 25.89% 8.93
2 n/a n/a 26.33% n/a 12.63% 5.55
4 n/a n/a 26.33% n/a 6.00% 3.85
8 n/a n/a 26.33% n/a 2.50% 2.96

16 n/a n/a 26.33% n/a 1.27% 2.65
32 n/a n/a 26.33% n/a 0.83% 2.54
64 n/a n/a 26.33% n/a 0.65% 2.49

128 n/a n/a 26.33% n/a 0.52% 2.46
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TableD.12: mtrt Hybrid CacheResults

Size(KB) const% stack % reg% instr % data % Time (cycles)

CONSTHARREG: DirectMapped
1 9.17% n/a 31.43% 1.05% 56.46% 7.79
2 9.17% n/a 28.98% 0.60% 47.12% 6.43
4 9.17% n/a 28.98% 0.30% 31.61% 5.00
8 9.17% n/a 28.98% 0.24% 9.33% 2.99

16 9.17% n/a 28.98% 0.14% 4.78% 2.57
32 9.17% n/a 28.98% 0.06% 3.46% 2.44
64 9.17% n/a 28.98% # 0.00% 2.31% 2.33

128 9.17% n/a 28.98% # 0.00% 2.07% 2.31
CONSTHARREG: Eight-way Associative

1 9.17% n/a 31.07% 0.60% 43.92% 7.35
2 9.17% n/a 28.98% 0.33% 29.69% 5.51
4 9.17% n/a 28.98% 0.05% 7.71% 3.22
8 9.17% n/a 28.98% # 0.00% 4.76% 2.91

16 9.17% n/a 28.98% # 0.00% 2.73% 2.70
32 9.17% n/a 28.98% # 0.00% 2.34% 2.66
64 9.17% n/a 28.98% # 0.00% 1.93% 2.62

128 9.17% n/a 28.98% # 0.00% 1.80% 2.61
CONSTHARVARD: DirectMapped

1 9.17% n/a n/a 1.05% 29.18% 11.55
2 9.17% n/a n/a 0.60% 19.88% 8.61
4 9.17% n/a n/a 0.30% 7.80% 4.84
8 9.17% n/a n/a 0.24% 4.07% 3.68

16 9.17% n/a n/a 0.14% 1.97% 3.01
32 9.17% n/a n/a 0.06% 1.47% 2.85
64 9.17% n/a n/a # 0.00% 1.05% 2.71

128 9.17% n/a n/a # 0.00% 0.94% 2.67
CONSTHARVARD: Eight-way Associative

1 9.17% n/a n/a 0.61% 15.34% 8.22
2 9.17% n/a n/a 0.33% 6.79% 5.16
4 9.17% n/a n/a 0.05% 2.75% 3.69
8 9.17% n/a n/a # 0.00% 1.68% 3.31

16 9.17% n/a n/a # 0.00% 1.17% 3.13
32 9.17% n/a n/a # 0.00% 0.97% 3.06
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TableD.12: mtrt Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

64 9.17% n/a n/a # 0.00% 0.84% 3.01
128 9.17% n/a n/a # 0.00% 0.82% 3.01

CONSTSTACKHARREG: DirectMapped
1 9.17% # 0.00% 40.63% 1.05% 56.39% 7.14
2 9.17% # 0.00% 39.85% 0.60% 37.41% 5.36
4 9.17% # 0.00% 39.85% 0.30% 20.61% 3.89
8 9.17% # 0.00% 39.85% 0.24% 12.84% 3.23

16 9.17% # 0.00% 39.85% 0.14% 5.96% 2.63
32 9.17% # 0.00% 39.85% 0.06% 4.62% 2.51
64 9.17% # 0.00% 39.85% # 0.00% 3.61% 2.41

128 9.17% # 0.00% 39.85% # 0.00% 3.24% 2.38
CONSTSTACKHARREG: Eight-way Associative

1 9.17% # 0.00% 40.44% 0.61% 44.15% 6.83
2 9.17% # 0.00% 39.85% 0.33% 21.70% 4.55
4 9.17% # 0.00% 39.85% 0.05% 9.36% 3.31
8 9.17% # 0.00% 39.85% # 0.00% 5.80% 2.96

16 9.17% # 0.00% 39.85% # 0.00% 4.07% 2.79
32 9.17% # 0.00% 39.85% # 0.00% 3.39% 2.73
64 9.17% # 0.00% 39.85% # 0.00% 3.02% 2.69

128 9.17% # 0.00% 39.85% # 0.00% 2.82% 2.67
CONSTSTACKHARVARD: DirectMapped

1 9.17% # 0.00% n/a 1.05% 31.15% 8.97
2 9.17% # 0.00% n/a 0.60% 20.50% 6.63
4 9.17% # 0.00% n/a 0.30% 10.73% 4.51
8 9.17% # 0.00% n/a 0.24% 5.62% 3.42

16 9.17% # 0.00% n/a 0.14% 2.60% 2.76
32 9.17% # 0.00% n/a 0.06% 1.97% 2.62
64 9.17% # 0.00% n/a # 0.00% 1.53% 2.52

128 9.17% # 0.00% n/a # 0.00% 1.36% 2.48
CONSTSTACKHARVARD: Eight-way Associative

1 9.17% # 0.00% n/a 0.61% 20.37% 7.53
2 9.17% # 0.00% n/a 0.33% 9.10% 4.76
4 9.17% # 0.00% n/a 0.05% 3.89% 3.45
8 9.17% # 0.00% n/a # 0.00% 2.42% 3.08
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TableD.12: mtrt Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

16 9.17% # 0.00% n/a # 0.00% 1.64% 2.90
32 9.17% # 0.00% n/a # 0.00% 1.41% 2.84
64 9.17% # 0.00% n/a # 0.00% 1.26% 2.80

128 9.17% # 0.00% n/a # 0.00% 1.18% 2.78
CONSTSTACKUNI: DirectMapped

1 9.17% # 0.00% n/a n/a 23.07% 11.39
2 9.17% # 0.00% n/a n/a 15.71% 8.73
4 9.17% # 0.00% n/a n/a 7.31% 5.69
8 9.17% # 0.00% n/a n/a 4.02% 4.50

16 9.17% # 0.00% n/a n/a 2.03% 3.78
32 9.17% # 0.00% n/a n/a 1.37% 3.54
64 9.17% # 0.00% n/a n/a 0.95% 3.38

128 9.17% # 0.00% n/a n/a 0.83% 3.34
CONSTSTACKUNI: Eight-way Associative

1 9.17% # 0.00% n/a n/a 15.98% 10.06
2 9.17% # 0.00% n/a n/a 7.56% 6.59
4 9.17% # 0.00% n/a n/a 3.00% 4.71
8 9.17% # 0.00% n/a n/a 1.78% 4.20

16 9.17% # 0.00% n/a n/a 1.14% 3.94
32 9.17% # 0.00% n/a n/a 0.88% 3.83
64 9.17% # 0.00% n/a n/a 0.76% 3.78

128 9.17% # 0.00% n/a n/a 0.69% 3.75
CONSTUNI: DirectMapped

1 9.17% n/a n/a n/a 23.47% 14.37
2 9.17% n/a n/a n/a 16.30% 11.09
4 9.17% n/a n/a n/a 6.06% 6.39
8 9.17% n/a n/a n/a 3.32% 5.14

16 9.17% n/a n/a n/a 1.73% 4.41
32 9.17% n/a n/a n/a 1.16% 4.15
64 9.17% n/a n/a n/a 0.75% 3.96

128 9.17% n/a n/a n/a 0.66% 3.92
CONSTUNI: Eight-way Associative

1 9.17% n/a n/a n/a 13.74% 11.30
2 9.17% n/a n/a n/a 6.53% 7.53
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TableD.12: mtrt Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

4 9.17% n/a n/a n/a 2.44% 5.40
8 9.17% n/a n/a n/a 1.42% 4.87

16 9.17% n/a n/a n/a 0.91% 4.60
32 9.17% n/a n/a n/a 0.69% 4.48
64 9.17% n/a n/a n/a 0.60% 4.44

128 9.17% n/a n/a n/a 0.55% 4.41
CONSTUNIREG: DirectMapped

1 9.17% n/a 31.45% n/a 33.22% 10.74
2 9.17% n/a 28.98% n/a 26.57% 8.83
4 9.17% n/a 28.98% n/a 16.42% 6.41
8 9.17% n/a 28.98% n/a 5.36% 3.76

16 9.17% n/a 28.98% n/a 2.92% 3.18
32 9.17% n/a 28.98% n/a 1.93% 2.94
64 9.17% n/a 28.98% n/a 1.18% 2.76

128 9.17% n/a 28.98% n/a 1.03% 2.73
CONSTUNIREG: Eight-way Associative

1 9.17% n/a 30.61% n/a 27.86% 10.63
2 9.17% n/a 28.98% n/a 18.05% 7.75
4 9.17% n/a 28.98% n/a 4.69% 4.11
8 9.17% n/a 28.98% n/a 2.78% 3.59

16 9.17% n/a 28.98% n/a 1.55% 3.25
32 9.17% n/a 28.98% n/a 1.19% 3.15
64 9.17% n/a 28.98% n/a 0.91% 3.08

128 9.17% n/a 28.98% n/a 0.93% 3.08
HARREG: DirectMapped

1 n/a n/a 32.98% 1.05% 55.92% 8.38
2 n/a n/a 33.13% 0.60% 38.59% 6.33
4 n/a n/a 33.13% 0.30% 25.52% 4.77
8 n/a n/a 33.13% 0.24% 9.20% 2.87

16 n/a n/a 33.13% 0.14% 4.83% 2.35
32 n/a n/a 33.13% 0.06% 3.40% 2.17
64 n/a n/a 33.13% # 0.00% 2.23% 2.02

128 n/a n/a 33.13% # 0.00% 2.03% 2.00
HARREG: Eight-way Associative
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TableD.12: mtrt Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

1 n/a n/a 32.88% 0.61% 43.92% 7.88
2 n/a n/a 33.13% 0.33% 19.62% 4.66
4 n/a n/a 33.13% 0.05% 7.32% 2.99
8 n/a n/a 33.13% # 0.00% 4.19% 2.57

16 n/a n/a 33.13% # 0.00% 2.81% 2.38
32 n/a n/a 33.13% # 0.00% 2.03% 2.28
64 n/a n/a 33.13% # 0.00% 1.68% 2.23

128 n/a n/a 33.13% # 0.00% 1.57% 2.22
STACKHARREG: DirectMapped

1 n/a # 0.00% 42.77% 1.05% 54.95% 7.87
2 n/a # 0.00% 41.53% 0.60% 37.33% 5.75
4 n/a # 0.00% 41.53% 0.30% 20.56% 3.94
8 n/a # 0.00% 41.53% 0.24% 12.35% 3.06

16 n/a # 0.00% 41.53% 0.14% 5.99% 2.37
32 n/a # 0.00% 41.53% 0.06% 4.44% 2.20
64 n/a # 0.00% 41.53% # 0.00% 3.32% 2.07

128 n/a # 0.00% 41.53% # 0.00% 3.04% 2.04
STACKHARREG: Eight-way Associative

1 n/a # 0.00% 42.49% 0.61% 42.56% 7.32
2 n/a # 0.00% 41.53% 0.33% 20.96% 4.54
4 n/a # 0.00% 41.53% 0.05% 9.74% 3.14
8 n/a # 0.00% 41.53% # 0.00% 5.92% 2.68

16 n/a # 0.00% 41.53% # 0.00% 3.95% 2.44
32 n/a # 0.00% 41.53% # 0.00% 3.06% 2.33
64 n/a # 0.00% 41.53% # 0.00% 2.63% 2.28

128 n/a # 0.00% 41.53% # 0.00% 2.36% 2.25
STACKHARVARD: DirectMapped

1 n/a # 0.00% n/a 1.05% 30.51% 9.72
2 n/a # 0.00% n/a 0.60% 20.74% 7.17
4 n/a # 0.00% n/a 0.30% 11.93% 4.88
8 n/a # 0.00% n/a 0.24% 5.55% 3.25

16 n/a # 0.00% n/a 0.14% 2.66% 2.51
32 n/a # 0.00% n/a 0.06% 1.95% 2.31
64 n/a # 0.00% n/a # 0.00% 1.45% 2.18

continuedon next page
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TableD.12: mtrt Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

128 n/a # 0.00% n/a # 0.00% 1.32% 2.14
STACKHARVARD: Eight-way Associative

1 n/a # 0.00% n/a 0.61% 21.71% 8.46
2 n/a # 0.00% n/a 0.33% 9.21% 4.79
4 n/a # 0.00% n/a 0.05% 4.20% 3.29
8 n/a # 0.00% n/a # 0.00% 2.55% 2.80

16 n/a # 0.00% n/a # 0.00% 1.70% 2.55
32 n/a # 0.00% n/a # 0.00% 1.31% 2.44
64 n/a # 0.00% n/a # 0.00% 1.13% 2.39

128 n/a # 0.00% n/a # 0.00% 1.03% 2.36
STACKUNI: DirectMapped

1 n/a # 0.00% n/a n/a 23.53% 12.33
2 n/a # 0.00% n/a n/a 16.39% 9.44
4 n/a # 0.00% n/a n/a 8.51% 6.26
8 n/a # 0.00% n/a n/a 4.19% 4.52

16 n/a # 0.00% n/a n/a 2.15% 3.69
32 n/a # 0.00% n/a n/a 1.44% 3.41
64 n/a # 0.00% n/a n/a 0.96% 3.21

128 n/a # 0.00% n/a n/a 0.86% 3.17
STACKUNI: Eight-way Associative

1 n/a # 0.00% n/a n/a 17.60% 11.32
2 n/a # 0.00% n/a n/a 8.01% 6.91
4 n/a # 0.00% n/a n/a 3.40% 4.79
8 n/a # 0.00% n/a n/a 1.99% 4.14

16 n/a # 0.00% n/a n/a 1.24% 3.79
32 n/a # 0.00% n/a n/a 0.89% 3.63
64 n/a # 0.00% n/a n/a 0.70% 3.54

128 n/a # 0.00% n/a n/a 0.64% 3.52
STACKUNIREG: DirectMapped

1 n/a # 0.00% 42.77% n/a 29.03% 9.67
2 n/a # 0.00% 41.53% n/a 20.15% 7.29
4 n/a # 0.00% 41.53% n/a 10.17% 4.74
8 n/a # 0.00% 41.53% n/a 6.26% 3.74

16 n/a # 0.00% 41.53% n/a 3.26% 2.98
continuedon next page
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TableD.12: mtrt Hybrid CacheResults(continued)

Size(KB) const% stack % reg% instr % data % Time (cycles)

32 n/a # 0.00% 41.53% n/a 2.20% 2.71
64 n/a # 0.00% 41.53% n/a 1.48% 2.52

128 n/a # 0.00% 41.53% n/a 1.33% 2.48
STACKUNIREG: Eight-way Associative

1 n/a # 0.00% 42.57% n/a 23.54% 9.39
2 n/a # 0.00% 41.53% n/a 12.09% 5.96
4 n/a # 0.00% 41.53% n/a 5.28% 3.98
8 n/a # 0.00% 41.53% n/a 3.11% 3.35

16 n/a # 0.00% 41.53% n/a 1.94% 3.01
32 n/a # 0.00% 41.53% n/a 1.37% 2.84
64 n/a # 0.00% 41.53% n/a 1.12% 2.77

128 n/a # 0.00% 41.53% n/a 1.01% 2.74
UNIREG: DirectMapped

1 n/a n/a 32.97% n/a 34.00% 11.24
2 n/a n/a 33.13% n/a 24.29% 8.68
4 n/a n/a 33.13% n/a 14.57% 6.10
8 n/a n/a 33.13% n/a 5.68% 3.74

16 n/a n/a 33.13% n/a 3.13% 3.06
32 n/a n/a 33.13% n/a 2.04% 2.77
64 n/a n/a 33.13% n/a 1.23% 2.55

128 n/a n/a 33.13% n/a 1.10% 2.52
UNIREG: Eight-way Associative

1 n/a n/a 32.87% n/a 28.08% 11.01
2 n/a n/a 33.13% n/a 14.54% 6.94
4 n/a n/a 33.13% n/a 4.85% 4.01
8 n/a n/a 33.13% n/a 2.73% 3.37

16 n/a n/a 33.13% n/a 1.70% 3.05
32 n/a n/a 33.13% n/a 1.14% 2.88
64 n/a n/a 33.13% n/a 1.02% 2.85

128 n/a n/a 33.13% n/a 0.89% 2.81
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