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Abstract

Mostof theresearclidoneto improve theperformancef Java Virtual MachinegJVM'’s)
hasfocusedn softwareimplementationsf theJVM specificationVerylittle consideration
hasbeengivento how Jara programsnteractwith hardwareresourcesndhow hardware
componentganbe usedto improve Java performanceWe generatedndanalyzedpcode
andmemoryaccesgracesfor eight differentJava benchmarksfinding that eachJava op-
codetypically causegnultiple memoryaccessesWe next investigatedthe effectiveness
of unified andsplit cachesat cachingJava programsusingthe performanceof traditional
compiledprogramgor a basisof comparison.

Motivatedby the subdvision of memoryby the JVM specificatiorninto heapmemory
constanfpool data,andoperandstacks we examinedthe possiblebenefitsof addingsmall
specializedcachego hold constanpool dataandstackdata. We found that constantpool
accessehave very low locality of referenceand that the addition of a constantcacheis
detrimentalto cacheperformancedor large main caches. The 24% of memoryaccesses
madeto operandstackswerefoundto be efficiently cachedn a 64 byte cache. We sim-
ulatedthe cacheperformanceof Java programsin the presenceof registersby addinga
registercacheto unifiedandsplit cachesWe foundthatgivenfair hardwareresourcesjava
programscachedat leastaswell astraditionalprograms.
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Chapter 1

Intr oduction

“Our reseach departmenforecastghatit is very
likely that Javawill replaceC++ overtime Andl
stronglyagree Onceperformancéassuesare worked
out, C++ will notnecessarilybebetterthanJava’
—EdgarSaadiApril 1997

importantdevelopmenttools on the market today Runningon top of a virtual

machine Java bytecodecanbewritten onceandrun everywhereavirtual machine
is implementedsaving developershoursof time. Although hardwareimplementation®of
the Java Virtual Machine (JVM) specificationexist (seePicoJaa for example[22, 25]),
the majority of JVM’s areimplementedn software. TheselVM'’s translatecompiledJava
bytecodeto the native instructionsof the underlyingplatform.

Whenthe JVM is implementedn softwareit is essentiallya programthatmanipulates
values.Someof thesevaluesarethe operationcodes(opcodespf the Java programthatis
runningin the JVM—instructionsthathave a high locality andthatwill never bewrittento
in memory Unfortunately the computeron which the JVM is runningis unavare of these
opcodesand seesall of the valuesthat the JVM manipulatesas datavalues. This could
be sidesteppedf the Java languagédncludedspecialinstructionsfor directly manipulating
registersand cache—vays throughwhich to interactwith the hardware. This, however,
would force the languageto favor a particularcomputerarchitecture therebylosing the
platformindependencéhathasmadeit so powverful in todays market. Indeed, Java treats
all of memorylike a black box that answersrequestdor dataand instructions;the JVM
specificatiormakesno assumptiongbouttheinternalorganizationof memory

At alower level, currentprocessorsremuchfasterthanthe speedf off chip memory

@ heJava programmindanguageasgrownn in popularityto becomeoneof themore

1Quotedfrom an online letter column found at: http://www.unixinsidercom/unixinsideronline/sal-04-
1997/svel-04-careemp.html



CHAPTER1. INTRODUCTION 2

Computershuilt today are designedwvith a memorycacheto narrav the gap betweenthe
speedof the processoandthelateng of off chip memory Almostasarule, acontempo-
rary cacheis dividedinto two halves—oneo hold instructionsandoneto hold data.There
aretwo mainmotivationsfor this division. First, instructionsarenever modifiedduringthe
executionof a well behaed program;therefore whenaninstructionneedso be replaced
in the cache,thereis no chancethat the instructionneedsto be written backto memory
Thedesignof theinstructioncachecanbe simplerthanthe designof the datacache .More
importantly instructionmemoryaccessetave a much higherlocality thandatamemory
accessesnd are often very sequentiain nature. In a unified cache,datacan knock in-
structionsout of the cache,causingproblemswhenthe replacednstructionis soonto be
executedor whenthe instructionis part of a currently executingloop. A divided cache
furtherenhanceshe benefitsof a unified cacheby guaranteeinghatinstructionswill bein
cachewell over 90% of thetime.

The Java instructionset can be divided into several classificationsparticularly with
respectto how they might manipulatememory Java opcodesare very specificaboutthe
operandgdata)they manipulate Certaininstructionsmustaccessertainkinds of memory
in certainways. For example,specificinstructionsexist for loading constantvaluesfrom
a constantpool. In this case,the datais readonly, asthereis no chancethat the value
will be changed. Similarly, all computationsare performedusing an operandstack for
scratchspace.The locality of accesseto the top of this stackwill be very high sinceall
computationg@reconstantlyaccessinghe memoryvaluesthere.

This work examinesthe natureof Java bytecodewith respectto how it interactswith
memory As implied abore, memoryaccessemadeby an executingJava programcanbe
classifiedinto cateyories. Sucha groupingsuggestshe additionof specialpurposecaches
to improve Java applicationperformance Differentclassesf memoryaccessewould be
saregatedin differentcachegust asinstructionaccesseand dataaccesseare separated
undera divided cachearchitecture.Theseadditionswould represenhon-trivial computer
architecturanmodificationsandcannotcurrentlybesupportedn existing machinesWe take
the positionof a hypotheticainquiry: whatgainscould be madeif suchsupportexisted?

Chapter2 presenta backgroundundamentato thiswork. Theorganizatiorof theJava
Virtual Machineandthe basicsof cachingarediscussedRelatedresearctsurroundinghe
JVM andcachingis summarizedChapter3 looks at the differencesetweernthe JVM and
atraditionalplatform architecture Theimpactof thesedifferenceson memoryaccesses
discussed.Chapter4 explainsthe procedureusedto obtainmemoryaccessandexecuted
opcodedraces.Thememoryprofile revealedby thesdraceds comparedo thememorypro-
file for traditionalcompiledprograms.Chapters compareghe cacheperformancef Java
programswith thecacheperformancef traditionalcompiledprogramdor unifiedandsplit
cacheconfigurations.Chapter6 presentghe resultsof experimentsin which specialized
cachesvereaddedto the memoryhierarchy Chapter7 addressethe obstacledo adding
specializedcachesandbriefly discusse$urtherwork thatremaingto bedone.



Chapter 2

Background

“[TIhe performanceof numericallyintensiveJava
programs...canbeaslow as1 percentof the
performanceof FORTRANprograms. .. a 100-fold
performanceslowdownis unacceptablg
—Moreiraetal. [23]

The two primary topics of interestarethe Java Virtual Machinespecificationand

how cachingoffers significantperformancemprovementgor executingprograms.
Before pressingforward in Chapterss and 6 to look at how cachednteractwith current
Java virtual machineimplementation@ndthenhow othercacheconfigurationamight in-
teractwith future virtual machinesijt is importantto first understandhe basicsof each
componentseparately Sections2.3 through2.5 cover relatedprevious work concerning
Java andits virtual machineimplementationspastmethodsfor examining the effective-
nessof cachesexperimentalcachedesigns,and performanceboostingoptimizationsfor
exceptionhandling,garbagecollection,andvirtual stackmachines.

% eforepresentingour resultswe needto provide a backgroundor the investigation.

2.1 Overview of the Java Virtual Machine Architecture

The Java Virtual Machine(JVM) specifications abstracty design. This is to allow im-

plementorsa greatdeal of freedomin how they implementthe JVM to sene specialized
purposes.It also makesthe implementationof JVM's for differentindividual platforms
feasible. Nonethelessthe specificationrequirescertaininformationto be availableto the
JVM. This work is interestedn the organizationof the runtime memoryarea. This area
containsthreesubsection$30]:

1. A methodareacontainingtheloadedtypes.
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2. Runtimememorysectionsspecificto eachthread:

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

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

(c) A natve methodstackfor eachthreadin theprogram.

3. A heapwhich providesall dynamicmemoryneededy therunningprogram.

Figure 2.1 depictsthis organization. Sections2.1.1through2.1.3treattheseareasin
somedetail.

Method Area Free Memory Heap

Thread 1 Thread 2 Thread n

Figure2.1: Overview of the JVM specificatiors organizationof memory The methodareacon-
tainsJava classegtypeg loadedthusfarby the JVM. A freememoryheapholdszeroedoutmemory
availablefor allocation. Threadsof executionareseparatérom eachothet

2.1.1 Method Area

All of the non-primitive typesusedby the JVM andthe executingprogrammustbe loaded
by the JVM beforethey canbe used.We will dropthe non-primitve qualifierandusethe

termtypeto referto classesndinterfaces.Typeinformationis loadedinto themethodarea,
whereit is accessedbly all threadsn theJVM. As aresult,themethodareas datastructures
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needgo bethreadsafe. Althoughthesedatastructuresxclusively containreadonly data,
typescanbeloadeddynamicallyin Java. If themethodareadatastructuresverenotthread
safe,two threadscould try to simultaneouslyload the same(previously unloaded)type.
Eachtypein the methodareahasto have the following information:

. Thefully qualifiednamefor thetype.

. Thefully qualifiednamefor theimmediatesuperclassf thetype.

1
2
3. Whetheror notthetypeis aninterfaceor aclass.
4. Themadifiersfor thetype (public, abstractfinal).
5

. An orderedist of thefully qualifiednamesof thedirectsuperinterdicesof thetype.

A fully qualified nameis the completepathto the class,interface, method,or instance
variable. It consistsof the packagefollowed by the classor interface name (such as
java.lang. Obj ect). For methodsandinstancevariablesthe class/interficenameis suc-
ceededby the methodor variablename. A superintericeis aninterfaceimplementecdby
thetype.

Additionally eachtype hasits own constantpool containingboth literal constantsand
symbolicreferenceso types,fields,andmethods.The constanpool is accessewheneer
aninstancevariableor a methodis resohed. Classvariablesthat are non-finalare stored
within the methodareabut not within the constantpool. The methodareaalso contains
informationon all the fieldsin the type, specifyingtheir namestypes,modifiers,andthe
orderin which they were declared. Information aboutmethodsspecifyingtheir names,
returntypes(if ary), parametecounts,andmodifiersis alsorequired.Non-abstractnon-
natve methodsadditionallykeepan exceptiontable, the sizesof the operandstackand of
the local variablesection(for their stackframes— seeSection2.1.2),andtheir bytecodes
in the methodarea. Finally, all typesincludeareferenceao theC assLoader thatloaded
themandareferenceo thed ass objectusedto constructhetype[30].

2.1.2 Runtime Memory SectionsSpecificto Each Thread

Eachthreadin the JVM hasits own PCregister Java call framestack,andnative method
stack. The PC register pointsto the next instructionto be executedfor the thread. The
native methodstackis entirely platformdependentWhena native methodcall is made the
methodinvocationframeis placedon the call frame stack; however, the frameis a place
holderthatpointsto thenative methodstack.Thenative codeexecutionoccursonthenative
methodstack.

The call framestackis the heartof the JVM, containingstackframesfor eachmethod
invocationmadein thethread.The JVM itself canonly pushandpopthe stackframes.All
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othermanipulationof the Java stackis doneby the executingthread[30]. For example,the
pushingand poppingof valuesonto the operandstackcontainedwithin a call frame(see
belaw) is handledby thethread.

To allocatethe memoryfor the call framethe JVM needsto know how much space
will berequiredfor the operandstackandthe local variablesection(hencethe storing of
the sizesof thesespaceswithin the methodarea). With respectto the operandstackthis
requiresknowing the maximumheight attainedby the stackduring the executionof its
method.

Therearetwo waysthatthe call framescanbe allocated. In the first schemehey are
allocatedfrom the global free memoryheap. In the secondthe call framesare allocated
from a contiguousstack. Underthis schemehe sizeof the operandstackdoesnot needto
beknown sincetheoperandstackis alwayslocatedatthetop of thecall frame;thecurrently
active methodframewill consequenthjhave its operandstackat the top of the call frame
stackwhereit cangrow freely.

While astackframeis executingthe JVM keepgrackof thecurrentclass(theclasscon-
tainingtheexecutingmethod)andthe currentconstanpool. Eachstackframeis comprised
of threesections:

1. Framedatathat maintainsa referenceo the constanipool andcontainsinformation
neededor bothnormalandabnormaimethodcompletion,

2. A local variablesectionwhich storesbhoththelocal variablesfor the methodandthe
parameter$or themethod,and

3. An operandstack.

Figure2.2 shavs the organizationfor anexamplecall frame.

Sincethe Java instructionsetis built arounda stack machine,all computationsare
performedontheoperandstack.Mostinstructionseitherloaddataontothestack,storedata
poppedrom thetop of thestack,or performacomputatiorusingstack-basedperand$30].

2.1.3 TheHeap

Likethemethodareatheheapis usedby all of thethreadsn theJVM. Althoughnotexplic-
itly requiredby the JVM specificationmostJVM implementationbiave agarbagecollector
thatmaintainsthe heapby freeingmemoryno longerreferencedy ary objects[30].

The moststraightforvard approacho garbagecollectionis the mark/sweeglgorithm.
Thegarbagecollectorlooksthroughall of the programthreads’call framestacks.Eachlive
objectreferencas placedinto amarkstackfor latermarking. Eachobjectin themarkstack
is taken off andmarkedaslive. Additionally, every objectreferencedy the marked object
is placedinto themarkstackfor laterprocessingWhenall of therun-timestackshave been
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parameters/local variables

return value (if any) Exception table for
the method.

return PC value

invoking frame reference

exception table reference

constant pool reference 1=
Constant pool for the

class containing the
operand stack method instantiated
by this call frame.

Figure2.2: Java call framestructure.The call framestackis assumedo be growing down in this
picture,placingthe operandstackat thetop of the stackwhenthe call frameis active.

traversedandthe mark stackis empty all of the live objectshave beenmarked. Thenthe
garbagecollectorsweepghroughthe heapfreeingunmarked objectsandreturningthemto
the free store. Finally, if the heapis seriouslyfragmentedhe garbagecollectorcompacts
theheap,moving all of thefree spaceio oneendof the heap[8].

Sincethe mark and sweepcollector traversesthe threadrun-time stacksand poten-
tially movesitemsaroundtheheap mary implementationsf thealgorithmsuspendhread
executionsduringgarbagecollection. For large programsthis resultsin significantdelays.
Two improvementshave beenmadeto thisdesign.Thefirstis to performgarbagesollection
concurrentlywith JVM worker threadshat are unrelatedo the executionof the program,
allowing the JVM to move forward during garbagecollection[7]. The secondmakesuse
of the obsenration that morerecentlyallocatedobjectsaremorelikely to be unreferenced
soonersincemary of thesearetemporaryariables."Studiesshav that,in thetimeit takes
to allocate32 Kbytesof memoryoff the heap,over 90 percentof the newly createdbbjects
will alreadybe dead[22].” Thus, it is worthwhile for the collectorto frequentlysweep
throughthe mostrecentgeneratiorof objects(thosemostrecentlyallocated)andto only
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occasionallycollecttheentireheap[7].

2.1.4 DesignRationalesof JVM

Centeringthe JVM aroundstackoperationgeducesperformancesinceadditionalopera-
tionsareneededo pushandpopvaluesto andfrom the operandstack. Registermachines
do not requirethe extra operationaisedto manipulatethe stacksinceregistermachinein-
structionsrefer to registers. The decisionto usea stackarchitecturewas madeto make
the JVM more platform independent.By not accessingry registers,the JVM caneas-
ily beimplementedas on platformsthat have few registersasthosethat have dozensof
registers.Anothermotivationfor a stack-centerethstructionsetwasthatmary compilers
producestack-basethtermediatdiles. By usinga stack-centerethstructionset,compiled
Java bytecodeis very similar in structureto objectfiles generatedy compilersof other
languagesThus,the JVM is like a linker, andcanbenefitfrom known linker optimizations
to enhancéytecodeexecution. Finally, the Java languagevasdesignedwith the network
in mind. To this end, Java classfiles are small and compactand can be easily transmit-
tedacrosshe network. Almost all of the opcodesspecifywhattypesthey expect,making
bytecodeverificationfeasibleandnetwork transmissiorsafe[30].

2.2 CacheOverview

For the pastseveral yearsincreasesn computemprocessospeediave outpacedncreases
in memoryspeeds.Today CPUsexecuteinstructionsfar more quickly thanmemorycan
provide the requireddata. To narrav this gapin speedscomputerarchitecturesiow in-
cludeseverallevel of caches—smalkxpensie, high speednemorythatcanbetterfill the
request®f the processofor data. Thesecachessit betweerthe processoandmain mem-
ory (seeFigure2.3), usuallyresidingon the processochip itself (at leastfor thefirst level
cache—se&ection2.2.7). Sincethe cacheis part of the chip, the time for signal prop-
agationis muchshorterthanfor accessingnain memory[26]. In addition, the cacheis
implementedn a moreexpensve technologythanmainmemory;usingthis technologyfor
mainmemorywould be prohibitively expensie. Furthermoretheaccesspeedor acache
decreaseasthesizeof thecacheincreases.

2.2.1 Theory Behind Caching

Despitehaving only a fraction of the capacityof mainmemory cachesare oftenableto fill
over 90% of the processors requestdor data If memoryaddressewereaccessedavith a
uniformdistribution, thecachehit rate(the percentagef thetimethattherequesteéddress
is residentin the cache)could not be betterthanthe ratio of the cachesizeto the size of
mainmemory However, programsexhibit a principle of locality of refeence
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CPU Cache Hierarcy

Main Memory

Figure 2.3: Simplified memoryhierarchy The CPU writes valuesto the cachehierarchy which
in turn writesthosevaluesto mainmemory Whenretrieving a valuefrom memory the CPU looks
in the cachehierarchyfor the value. The hierarchywill thenreadthe valuefrom main memoryif
needed.
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Most programsspend90% of their executiontime in 10% of their source
code[26].

In otherwords, memorythat hasbeenaccessedecentlyis morelikely to be usedagain
soon. This behaior allows cachego cover the greatmajority of memoryaccesseshen
fetchingthe next instructionto execute.

To be effective, a cachedoesnot needto storeall of the memoryusedby the program.
Only the mostrecentlyusedportionof theworking setneedgo be heldin the cache.

Theworking setof a programis the setof memoryvaluesfrequentlyaccessed
by the programduring its execution. It doesnot include the memoryvalues
usedsolelyduringinitialization and/orshutdown.

Whenthe addresss notin thecachejt is loadedfrom mainmemorybothto the cacheand
to the processorThe principle of locality of referencdells usthatthis addresss likely to
be usedagainin the nearfuture; the costof the cachemissand of fetchingthe addressds
offsetby thelikelihoodof shorterfetchingtimeslaterin the programs execution[26].

Memoryaccessesf datado not shav asmuchlocality astheaccessingf instructions.
Sincedatatendsnotto beaccesseth thelinearfashionof instructionstheretrieval of data
addresses moredistributedthroughoutmemory Nonethelessjataaccessedo have both
temporalandspatiallocality [26]. Temporallocality is fairly intuitive oncethe connection
is madethataccessin@ dataaddresss causedy accessin@ variablein aprogram.Often
variablesin a programarerepeatedlyaccesseduring a shortperiodof time, for example
duringaloop or within afunction.

Spatiallocality is createdboth by how programsare structuredand by how compil-
erslayout out programsin memory A well-structuredprogramsubdvidesits tasksinto
multiple functionswith variableslocal to the functions. As a function executesjt will be
primarily accessinghe variabledocalto it, all of which arecloseto eachotherin memory
Whena compilerlays out a programin memory it placesall of the variablesnext to each
other Thus,accesse$o a variablein a programare restrictedto certainrangeof mem-
ory. Theramificationsof spatiallocality on cachingsuccessrelessintuitive thanthoseof
temporallocality. We will considetthistopiclater.

2.2.2 Defining Characteristics of Caches

As an extensionof memory a cacheneedsto be ableto handleboth readsand writes to
memoryaddressedn additionto thesetasks,acachenhasseveralcharacteristicthatdistin-
guishit from mainmemoryandfrom othercachemplementations:

1. How the cachedeterminesf a given memoryaddresgesidesin cache. This varies
from cacheto cachedependingon the associativityof the cache Associatvity is the
numberof placesn a cachewhereanaddresanreside.
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2. Thereplacemenstrategy for replacinga line of the cachewhenanaddressnustbe
fetchedinto analreadyfull cache.Theline of thecacheis theindexableblock of the
cache.

3. Whenwriting to an addressa cachecan either updatethe valuein main memory

(write through orwait until theline is replacedeforewriting to mainmemaory(write
bak).

We will now look at eachof thesecharacteristiceh moredetail.

2.2.3 Readingfrom Cache

Thelocationof anaddressn thecachds foundusingsomemapping.Usuallythis function
modsthe memoryblock addresgthe addresdruncatedo cut off the block offset) by the
numberof linesin thecache.Thisyieldsanindex into thecache mappingmultiple memory
blocksto the sameline. Eachline of cacheholdsa memoryblock’s worth of addresses,
indexableby theaddres®ffset(seeFigure2.4). To determinef thecachdine containghe

Bit Block address

...Data...

flags Tag Index

\
Block offset

Figure2.4: Organizationof aline of cache.

correctmemoryblock for a given memoryaddressthe cacheline alsostoresthe address
tag againstwhich the cachecompareghe addresdag of the memoryaddressn question.
In addition,thereis a valid bit which, if set,saysthattheline 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 memoryaddressndexesinto the cacheline to
retrieve the appropriatevord of memory[26]. If the addresss notin the cache(if either
thetagdoesnot matchor thevalid bit is not set),the addresss fetchedfrom mainmemory
andplacedin the cache(seebelown for the mostcommonwaysof determiningwhich line
of thecacheto replace) settingthevalid bit for theline to 1.

Sincemultiple memoryblocks mapto the samelocationin the cache,conflictsarise.
To avoid someof theseconflictssomecacheshave the addresdookupfunctionmapto sets
of cachelines. Thesecachesare calledset-associativeadtes or just associativecaches
Typical associatie cachesare two-way, four-way, and eight-way associatie caches;the
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numberindicateshowv mary lines compriseeachset. Oncea setof linesis indexed, the
cachematchesll of theaddresgtagsin parallelto determindf the memoryaddresss res-
identin ary of the lines. In generalthe higherthe associatiity of the cache,the fewer
conflictmisseqseeSection2.2.6). However, the gainsof eachadditionallevel of associa-
tivity decrease.Thus, an eight-way associatie cache,with a memoryblock mappingto
eightdifferentcacheines, performsnearlyaswell asafully associatie cache Still, direct
mappedcachegor one-vay set-associate caches)re often useddueto their simplicity
andspeed.With a direct mappedcache the memoryaddress/alue canbe readwhile the
addresgag matchis performed.If the matchsucceedshe readhasbeenperformedmore
quickly; if not, the valuereadis ignoredandthereis no lossin time [26]. In addition,
the higherthe associatiity of the cachethe more compl the hardware used,the more
expensve thecacheandthe slowvertheaccesdo thecacheg13].

2.2.4 Replacinga Line of the Cache

Replacinga line of a direct mappedcacheis straightforward, asthereis only onechoice
for which line to replace.With a set-associate cache thereareeithertwo, four, or eight
choicedfor whichline to replacewith theincomingmemoryblock. If agivensetof linesis

atcapacitythatis, if all of thelinesin thesethave thevalid bit set,oneof thelinesneeddo

be selectedor replacementThetwo mostcommonlyusedalgorithmsfor decidingwhich

line to replaceareLeastRecentlyUsed(LRU) andRandom[26]. LRU chooseghe cache
line that was usedthe leastrecentlyfor replacementfollowing the principle of temporal
locality (that which was accessedanostrecentlyis morelikely to be accessedgain). In

practice,LRU is expensve to implementandis only approximated.A randomselection
algorithm choosesa cacheline at randomto replace. Either way, the incomingmemory
blockis readinto the selectedine andtheline’s valid bit is set.

2.2.5 Writing to Cache

Thetwo policiesfor writing to an addressn the cachearewrite throughandwrite back.
Eachpolicy hasits adwantages. With a write throughpolicy, the value at an addresss
updatedn the cacheandin the lower level of memory In a write backpolicy, the value
atthe addresss updatedn the cacheandnotin the next lower level of memory Instead,
adirty bit is setfor the cacheline to indicatethatthe line doesnot matchtheline in main
memory A readmissin the future that causeghe dirty line to be replacedwill needto
write theline outto mainmemorybeforereplacingtheline [26]. Figure2.5illustratesthis
difference.

Write throughboastsa simplerschemeareadmissnever needgo write backto mem-
ory beforereplacingtheline. Thenext lower level of memoryis alwaysconsistentvith the
cache Write back,ontheotherhand allows afastemwrite to thecache(sincethewrite back
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Figure2.5: Differentcachewrite andwrite misspolicies. White arrows shav the pathtakenby a
write from the CPU (the black V) throughor aroundthe cache(white box) to main memory(grey

box). The pathtakenby a subsequennemoryreadof theupdatedvalueis shovn by a blackarrow.

Picture(a) shavs a write hit on a cacheusingwrite through. The memoryvalueis updatedn the
cacheandin mainmemory Picture(b) shavs a write hit on a write backcachethe memoryvalue
is only updatedn the cacheandthe modifiedcacheline is markedasdirty. Whenthatline is later
replacedjt is written to main memory(dashedarraw). Picture(c) shawvs a write missfor a cache
usingawrite aroundwrite misspolicy. A subsequenteadof thatvaluemustfetchthevalueinto the
cache.Picture(d) shavs a write missfor a cacheusinga write fetch write misspolicy. The miss
replacesaline (causingit to be written backif a write backpolicy is usedandthe replacedine is

dirty), readsthe correctline from memoryto the cache(not shavn), andupdateghe valuein both
thecacheandmainmemory A subsequenteadwill find thevaluein thecache.
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tothenext lower level is putoff). Sincedataaccessemllow theprincipalof spatiallocality,
addresseslosetogetherarelikely to be updatedover a shortperiod of time. This means
thatmultiple wordsin aline of cachecouldbedirty or thatary givenword couldhave been
changednultiple times.Waiting to write backadirty line until absolutelynecessargvoids
frequentwritesto individual addressesThe whole line canbe written backto memoryin
oneblock, reducingthe bandwidth takenup by memorywrites[26].

Similarly, therearetwo policiesfollowed whena write to anaddressesultsin acache
miss: Fetchon Write, or Write Around. With fetch on miss, the new valueis loadedinto
the cache replacinga line of the cache.Write aroundupdateghe valuein the lower level
of memorybut doesnot load the addressnto the cache. Typically fetch on write is used
with write backcachesandwrite aroundis usedwith write throughcacheg26].

2.2.6 CacheMisses

As indicatedabove, the addressequestedy the CPU is not alwaysresidentin the cache,
resultingin acachemiss. Thesemissedall into threecatejories:

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

2. Capacitymissegesultingfrom afull cache.Thesdndicatethatthecurrentlyrunning
programdoesnotfit into the cache.

3. Conflictmissexausedy multiple addresdblocksmappingto thesamdine of cache.

The stratgy to reducingcompulsorymissesis to make larger memory blocks, thereby
increasinghelikelihoodthatanaddressiasalreadybeenoadedasthesideeffectof loading
anotheraddressn thesameblock andtakingadwantageof spatiallocality. At thesametime
thisforcesthecacheao belarger(increasingt’s cost,physicalsizeonthechip,andthetime
neededo locateanaddressn the cache)or causesnincreasan conflictmisses Capacity
missescan be reducedby increasingthe size of the cache,with the correspondingirav
backslisted abore. As mentionedn Section2.2.3,conflict missesarereducedby caches
with higherassociatiity. A fully associatie cachesuffers no conflict misses[26]. The
effectsof changingcacheparameteraresummarizedn Table2.1.

Determiningthetype of acachemissis sometimedlifficult. To distinguishcompulsory
missesa history of which memoryaddressebave beenaccesseds required. Separating
capacityfrom conflict misseds trickier. Chapter5 briefly discussegaway to classifythem.

2.2.7 AdvancedCaching

Oneof thelimitations of asmall,fastcacheis thatit hasavery limited capacitythatresults
in arelatively high numberof conflictandcapacitymisses.The costof thesemissess also



CHAPTERZ2. BACKGROUND 15

Summary of CacheParameters

compulsory | capacity | conflict access| space | cache
misses misses misses time used | cost
1 cachesize NC 4 NC T 0 T
1 associatvity NC NC d T NC T
1 line size d NC 0 NC NC NC

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

high, sincethe addresgequestednustbe fetchedfrom the relatively slov main memory
thatresidesff-chip. A solutionis to adda secondarger cachebetweerthelevel onecache
andmainmemorythatactsasa storagebackup for the level onecache.This secondevel
caches muchfasterthanmainmemory but slower thanthelevel onecache.Theincreased
capacityallows the level one cacheto first look in the level two cachefor a requested
address]imiting the cost of a level one cachemiss. This memoryhierarchyeliminates
someconflict missesand most capacitymisses[26]. Liptay reportsthat the System/360
Model 85 with cachinghasover a 95% chanceof finding arequeste@ddressn the cache.
Comparedto the ideal system,where main memoryis as fast asthe cache,the cached
System/360s 81%efficient [21].

Anotherobsenation madefrom empirical studiesis thatabout75% of memoryrefer
encesareto retrieve instructions.Furthermoreinstructionshave a muchgreaterocality of
referencghandata.Combinethis with thefactthatloadandstoreinstructionsrequireboth
aninstructionfrom memoryanda dataaccessandquickly a single,unified cachebecomes
a bottleneckfor accessingnemory Datacanknock out instructionsthatwill be executed
in the nearfuture. A split cache hierarchy or aHarvard cache canbe emplg/edin which
instructionsanddataare cachedn separateaches.This allows aninstructionanda data
word to be loadedfrom the cachesimultaneouslydoubling the bandwidthinto the CPU.
Instructionaccessebave alower missratebecaus@lataaccesseno longercollide with in-
structionlines. Finally, optimizationscanbe madefor eachindividual cache.For example,
theinstructioncachecontainsreadonly values;therewill never be ary writes madeto the
instructioncacheandthe cachecanbe optimizedfor quick reading[26].

Clearlya cachehierarchycantake mary differentforms. Therecanbe a singleunified
level onecacheasplitlevel onecachepr alevel onecachebacledupby oneor morelarger
off-chip caches Eachof thesecachesanhave differentdegreesof associatiity. This va-
riety is hiddenfrom executingprogramsby the CPU; the cadhe hierarchy is transpaent
Writing a programto handlethe numerougypesof cachingconfigurationswvould be time
consumingand error prone; furthermore future cachehierarchieswould require mainte-
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nanceof this complicatedcode. For thesereasonachingprotocolsareimplementedon
thechip.

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

2.3 RelatedJava Work

A lot of researcthasbeenconducteadtoncerninghe JVM. IBM, for example,publishedan
entirejournalworth of Java researchin January2000[15]. The majority of researcthas
focusedon improving the executionspeedusing variousforms of compilationinsteadof
interpretation.A gooddealof work hasalsolooked at whatbottlenecksxist in the JVM
and how to reduceor eliminatetheir impact. Kazi et al. presentan excellentsuney of
currentJava technologyandefforts to improve JVM performancgl7].

2.3.1 JVM Execution Models

Initially all JVM'’s wereimplementedas simpleto implementinterpreters. TheseJVM's
translatedlava bytecodento the underlyingmachinecodefor the platform. Becausehis
translationneedso occuron every singleinstruction,interpretedlava programsun much
moreslowly thanmoretraditionalcompiledprogramsWhile interpretersontinueto serne
asJVM’sin smalldevices,Just-in-Tme (JIT) compilershave becomehepredominaniVM
implementatioravailablefor desktopandsener machines SinceJava programscannotbe
compiledaheadf time (if they were,thenthey wouldlosetheir platformindependencand
network mobility), aJVM needgo compilethe bytecodeo native codewhenthe program
is run. Unfortunately compilingis usually a long, processointensve procedure.A JIT
compileronly compilesbytecodessthey areexecuted amortizingthe costsof compilation
overtheexecutionof the program.This canbedonein the backgroundvhile aninterpreter
executeghe program removing theinitial wait for compiledcodeto arrive [28].

Still, therecanbequitealagwhile theinterpreterunsandthecompilerproducesatve
code,especiallysincethe majority of a programs codeis rarely executed. Following the
principle of locality, mostprogramsspend20% of their executiontime in 10% of the code.
Somenener JVM'’stake advantageof this by runningin interpretednodeandnotingwhich
codeis executedfrequently Thesehot spotsare then hearily compiledand optimized,
making the bestuseof the compilers time. OtherJVM's compile everythingas quickly
aspossible sacrificingthe optimizationsthatcould be madein favor of compiling quickly.
Thenthey locatetheexecutionhotspotsandadaptvely recompilethosesectionsvith heary
optimizationg6].

Where portability is not a concernJava bytecodecan be directly compiledto native
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machinecodeaheadof time. Bytecode-to-soge translatingJVM’s corvert Java bytecode
to ahigh-level intermediatdanguagdsuchasC). An existing compilerfor theintermediate
languagdhengeneratesnachinecode[17].

2.3.2 JavaBottlenecks

A lot of work hasbeendonein locatingthe Java performancebottlenecksboth for client
andsener JVM's. Several studiescited above describethis sort of work. The SanFran-
ciscoproject[5], startedto give businessea library framework for large Java applications,
foundthat Java programssufieredfrom long codepaths,immutablestrings,excessive and
expensve exceptionuse,andunnecessargynchronizationOftenthelong codepathswere
hiddenin the standardlava libraries. As an exampleof unnecessargynchronizatiorand
inefficient string implementationChrist et al. reportthat string concatenatiortausesan
implicit synchronizedst ri ngBuf f er to be createdby the Java compiler Sincethis buffer
is temporaryandwill never be sharedbetweenmultiple threadsthereis no needfor the
synchronization Similarly, all of the datastructuresn the Java librariesaresynchronized
sincethereexiststhe possibility of multiple threadsaccessinghem. Whenthesestructures
areusedwithin synchronizeadode , multiple, unnecessarlevelsof synchronizatiomestrict
applicationperformance.

Similarresultswerefoundby Guin theproces®f improving oneof IBM’' s JIVM’'s[12].
Otherbottleneckareasncludemonitor contentionmemoryallocation,run time typereso-
lution, andthe AWT graphics.All objects by specificationhave amonitorassociatedavith
themto provide for the possibility of needingo synchronizeagivenobject.If thisrequired
monitor is navely implementedthe performancecostcanbeimpressie. Dimpsg et al.
foundin their work to build a viable Java sener thatsynchronizatiorcanaccountor 19%
of applicationrunningtime [8]. Whenallocatingmemorythe JVM hasto locatea large
enoughpieceof memoryto containthe new object. A nave memorymanagersearches
throughthe heaplooking for anavailablechunklarge enoughto hold therequesteabject.
Gu proposes betterapproactin which somefree chunksof memoryarestoredin bins of
specificsizes rangingfrom only afew bytesto 512bytes.Whenanobjectof aspecificsize
is requestedthe manageicango directly to the correctly sizedbin to retrieve the needed
memory Theuppersizeof 512byteswaschosersincemostobjectallocationsarelessthan
this size. For larger objectsthe managemustsearchthroughthe entire heapfor a large
enoughblock of memory

Anotherbottleneckwith memoryallocationthatis relatedto monitor contentionis re-
portedby Dimpseg. Eachinstanceof aJVM hasa singleheapfrom which all memoryfor
the executingprogramis allocated gvenin amulti-threadegrogram.As such,aheaplock
is necessaryo ensureghatthe samepieceof memoryis notallocatedsimultaneouslyo two
differentthreadsJava’s objectorienteddesignencouragefrequentobjectallocation;thus,
theheaplock is oneof themostcontendedocksin the JVM. This situationis helpedby the
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freelists mentionedby Gu [12], sincethe heaplock needsto be held for a shorterperiod
of time. Dimpseg/ also proposesaddingThreadLocal Heaps(TLH). Despitethe name,a
TLH is simply a 1024 byte block of freememoryto which athreadhasexclusive accesslif
athreadcannotallocatethe needednemoryfrom its TLH thenanew TLH is givento the
thread providedit is not simply a problemwith allocatinga very large object.

Gu reportsthat performancebottleneckdie hiddenwithin the Java classlibraries. He
givesthe exampleof Stri ng classmethodsbeing calledvery frequently andbeinginef-
ficiently implemented. Sincethesemethodsare called not by the userprogram(instead
beingcalledinternallyto thelibraries),the programmehasno controlover avoiding costly
methodsor avoiding unnecessargepetitionsof calls.

Otherbottleneckdie within the JVM itself. Runtimetyperesolutionis oftenneedlessly
performediwice. Considerthefollowing rathercommoncode:

i f(someQbj ect instanceof Sonmed ass){
Soned ass a = (Somed ass) soneChj ect ;

}

This style of codecannearlyalwaysbe foundin overriddenequal s() methodsWhenthe
codeis compiledto Java bytecode animplicit type checkis madewhenthe castoccursso
thatthe JVM candeterminewhetheror notto throw a d assCast Except i on. This check
is clearly extraneoussincethe programmethasalreadyexplicitly forcedthe JVM to look
up thetypeof sonmeQbj ect . Unlessthe bytecodecompileris intelligentthis informationis
thendiscardechndthenimmediatelylooked up again.

Anotherstudyfrom IBM onusingJavato do high-performancaumericakcomputations
found otherbottlenecksausedy the Java languagespecificatio23]. Specifically every
arrayaccessbothreadandwrite, requiresan arrayboundscheckto determinewhetheror
nottheaccescausesanArr ayl ndexQut Of BoundsExcept i on to bethrovn. Furthermore,
for arraysthat containobjectsaccessealsoforce a checkfor a Nul | Poi nt er Excepti on.
Theseconstraintparticularlyhamperscientifichnumericalcomputationsvhich rely heavily
on multi-dimensionalarrays. Sinceeachdimensionof the array canhave variablelength
arraystheboundscheckingcannotbecompiledoutinto asinglerangecheck.Furthermore,
accessesannotbe computedasa simpleoffsetasthey canbein FORTRAN 90 (wherea
given dimensionhasa setlength); instead,eachdimensionmustbe dereferencedh turn,
with the appropriateboundsand null pointer checks. Other obstacledo Jara numerical
computingcited by the authorsincludethe lack of lightweightclassesandobjectsthatcan
betreatedik e the primitive types thenon-«istentsupportfor efficientcomple arithmetic,
andtheinability of a JVM to accesspecializedloating point hardware of the underlying
machine.Takentogethernumericalbenchmarksvritten in Java shaveda 100-fold perfor
manceslovdovn when measuredagainstFORTRAN 90. Most of theseproblems,how-
ever, arenot insurmountable.The authorsdevelopeda newv Array packagethat provides
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FORTRAN-like arraysand modified their JVM to eliminateextraneousoundschecking.
They alsodevelopeda complex numberpackageand madefurther JVM modificationsto
supportcomple arithmeticefficiently.

2.3.3 Profiling Java Programsand the JVM

A largeamountof work haslookedatmeasuringheperformancef Java programsViswanathan
andLiang presentanadditionto thebuilt in JVM profilerto provide focusedorofiling. The
profiling centersarounda group of call back functionsthat enableand disable specific
profiling for different sectionsof executingcode. Functionalityfor the profiler includes
stacktraces,heapdumps,andthe checkingof threadstatus. An interactve front endcan
be addedthat doesnot impactthe executingprogramsinceit runsin a different process
from the JVM [31]. Kazi etal. presentanothervisual profiling tool aimedat client/serer
profiling thatcantraceremotemethodcalls[18].

Anotherimportantaspecto measuringperformancas the useof suitablebenchmarks
for testing.Baylor etal. addresshe problemof alack of informative benchmarkgor Java
seners. Existing Java microbenchmarksk e SPECJVM98 arenot suitedto the evaluation
of large scalesener applications.They presentheir own microbenchmarlsuite aimedat
the operatingsystemservicesprovided by the JVM, including measuringhardware events
suchascachemissesandinstructioncounts[4].

Theability to comparegperformancevaluationss equallyimportantasmeasuringper
formance.This desireled to the useof benchmarkshat canbe usedacrosdifferentplat-
forms. Following in the samepath, anotherprojectfrom IBM presentsa unified arcflow
modelfor performanceanalysisin the Java ervironment. The standardizatiorof perfor
mancemetric representationand methodologyis designedto allow easiercomparisons
betweerdifferentsystemsaswell asfacilitating switchesfrom onekind of analysisto an-
other(suchasmemoryanalysisto delayanalysis)[1]. The Jalap@o virtual machinehas
incorporatedh gooddealof theseresearclefforts [2].

2.3.4 Hardware JVM Implementations

Although this studyis interestedn the interactionbetweena softwareimplementatiorof
the JVM and the underlying hardware, it is neverthelessnstructive to look at how the
JVM canbe implementedin hardware. The benefitsof a hardware implementationare
readily apparentwithout the costof translatingor compiling to natve machinecode,the
Java bytecodecan be quickly and efficiently executed. The JVM can also benefitfrom
ary hardware optimizationssuchas cachingandfloating point hardware units. Sincethe
Java bytecodds densetthantraditionalcompiledbinary code the JVM’s resourcesanbe
smallerandstill achieve the performancemarksof software JVM’s runningon machines
with large amountsof resource$22].
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Inside the PicoJaa JVM implementatiorsimple instructionsare executeddirectly in
hardware,while moderatelycomple instructions(lik e floating point operationsaredone
in microcode.Comple& instructionslike the creationof a new objectareimplementedn
software. Threecachesare usedfor storinginstructions,data,andthe top of a Java call
framestack.This lastcaches arolling circularcachethatallows valuesto dribbleinto and
out of the cachefrom andto memoryascall framesare pushedandpoppedontothe stack.
Sincethecall framestacknow hasdirectaccesgar deepethanmostJVM implementation
Java stacksdo, thereis no real needfor an operandstackfor scratchspace.Similarly, the
operationghatload valuesinto the operandstackandstorevaluesfrom the operandstack
can be eliminatedby directly accessinghe appropriatdocation on the call frame stack
cache. This effectively folds instructionstogetherduring the instructiondecodestep. To
handlereferences$o objectsthatarenotresidenin thestackcachejnstructionswvereadded
to theinstructionsetto referenceobjectsin memory[22, 25|.

O’Connorand Tremblayreportthatloadsaccountfor morethan50% of bytecodein-
structionsexecuted with storesaccountingor roughly 11% of bytecoddnstructions.The
instructionfolding performedby PicoJaa eliminatesapproximatelyl 5% of the dynamic
instructioncount[25]. Chapter4 presentsheresultsof our distribution experiments.

2.4 Previous CacheReseach

Although thousand®of papershave beenwritten concerningcaching,this investigationis
particularlyinterestedn cachebenchmarkghat have beenusedin the pastandwith how
thesemeasurementhave beeninterpreted. Given that we look at specializedcachesn
Chapter6, two experimentakachedesignsarecitedto give anideaof thedesignoptimiza-
tionsthatcanbe madewhencachesene specialpurposes.

2.4.1 Benchmarks

In astudyto experimentallyprove thespeedjainsof cachememoriesRippsandMushinsky
look atthe impactof internalandexternalcacheon the 68020family of processorsThey
begin by providing a methodologyfor testingcachespeed,including how to accountfor
compulsorycachemisses As expectedthebestperformances achiezed whenboththeon
chip cache(instructions)andthe off chip cacheareused[27]. Geeetal. demonstratehe
needto choosecachebenchmarkgarefully by shaving thatthe SPEC92BenchmarkSuite
missrateis belon the cachemissratefor typical multiprogramwork loads. They suggest
that the reasonthe SPEC92suite hasa lower thantypical missratio is dueto the lack of
operatingsystemcomponentsn the suites tests.Operatingsystem(OS) codetendsnot to
loop andis not calledfrequentlyenoughto stayresidentin cache effectively causingOS
codeto nearlyalwayssufer the effect of cold startmisseq11].
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2.4.2 Cachesand OS

Torrellas, Xia, and Daigle look at why OS codefails to reapthe full benefitsof caching
and how OS codecanbe rearrangedo benefitmore from caching. Even though most
commonworkloadsmake frequentcallsto the underlyingOS, thesesystemcalls areoften
written with long piecesof codethat can causeself-interferencewithin the cache. The
problemis compoundedby thefactthatsystemcallsarenot madeoftenenoughto keepthe
relevantcodein thecache.Thus,callsto the OS causealarge portionof cachemissesOne
exampleof self-conflictingOS calls is the conflict betweenperforminga context switch
betweernthe systemandthe user andthe routinesfor startingsystemcalls. Both areused
frequently yet the startingof systemcalls causesa context switchto occur Fortunately
themostfrequentsystemcallsaretightly clusteredandfairly deterministiccontainingfew

variationsin branching. This allows compiler optimizationsin the layout of OS codein

memoryby allowing commonsequence$o be groupedtogetherso that they can benefit
from memorylocality [29].

2.4.3 Hybrid and Adaptive Caches

A gooddealof researcthasbeendoneinvestigatingnoreexotic andflexible cachedesigns.
Fowler andVeenstraonsidetheimpactof hybrid cachecohereng methodsn a multipro-
cessorsystem.A hybrid cachehasthe capabilityof having someblocksusea write update
(write through)methodwhile otherblocks follow write invalidate (write back). The pa-
per comparedifferentgranularitiesof hybridness:all lines coming from the samepage
in memorysharethe samewrite policy, eachline of cachecanhave a separatavrite pol-
icy, andthe traditional single write policy for the whole cache. While eachof theseare
decidedstaticallyat compiletime, the authorsalsoconsiderthe possibility of a cachethat
candynamicallyselectwhich write policy to usefor which line. Note thatthisis only a
theoreticalconsideratiorof the possiblegainsfrom thesedifferentmethods;they are not
testedn practice[10].

Hsu et. al. addresghe problemof a datacachenot effectively containingall of the
mostrecentlyusedblocksof memory They claim thatlines not containingmostrecently
usedmemoryhave only about1% chanceof beingreusedbeforethey arereplaced.They
presenta group-associate cachethattrackswhich linesin the cachehave beenthe most
recentlyused. The trackingis doneusinga supplementaryable; cachelines not listed in
the table are consideredess-recentlyused. When a conflict miss could displacea most
recentlyusedline, the hit is displacedinto one of the lines that hasbeenlessfrequently
used. Thesedisplacedines aretracked in anothersupplementaryable. Finally, the less
recentlyusedlines canalsobe used,to someextent, asa prefetchbuffer. A performance
comparisonis madewith conventional caching,column associatie caching,and victim
buffer caching[14].
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2.5 Other RelatedReseach

Someresearchdating beforethe releaseof Java in 1995 directly addresseperformance
problemsfacing JVM’s. As of this writing, none of this researchhasyet beenapplied
to speedingup Java programs.Oncethe languaganaturessomemoreandimprovements
focusedon JVM implementationbecomeless dramatic,the Java communitywill likely
considerincorporatingsomeof thisresearch.

2.5.1 GarbageCollection

NilsenandSchmidtinvestigateéhe adwantagesanddisadwantageof addinga specialcache
ontothe memorybusto handleautomaticallocationandfreeingof memory Thefocusof

the studywaswhetheror not garbagecollectioncould be tightly boundsothatit couldbe
donein realtime. Thegarbagecollectionunit wasseparatedrom the processosothatthe
hardwarewasnot overly specializedandthus,nottoo expensve). The garbagecollection
cacheconstantlymaintainsa free pool of openspace.Whenthat pool becomegoo small,

thenon-freepoolis garbagecollected[24].

2.5.2 Exception Handling

Theintroductionof userdefinedexceptionshasled to a new programmingstyle in which
exceptionsareusedto controltheflow of anexecutingprogram.As Levy andThekkathex-
plain, however, the exceptionhandlingmechanisnprovided by operatingsystemsloubles
astheinterrupthandler Exceptionandinterrupthandlerswere not designedo be called
frequently;handlingtheminvolvesenteringthekernelandexecutingsystencode.Thecon-
sequentontet switchis a hugeperformancehit. Levy and Thekkathexplore the option
of hardware andsoftware supportfor passingthe responsibilityof certainuserexceptions
from the OSto theuserprogram therebyavoiding enteringsystemcode[19].

Javauserexceptionsarenever passedo the OSkernelsincethe JVM actsasthe OSfor
Javaprograms As such the penaltyassociateavith handlingexceptionds notassevereas
it could be. Nonethelessthe ability for the JVM to automaticallyforward an exceptionto
the correcthandlercould speedup exceptionhandling.

2.5.3 Stack Caching

Ertl recallsthat stackmachinesare frequentlyusedto implementinterpretersor special
purposdanguagesHe considerghe benefitsfrom cachingthe top of the stackin a stack
machinein registers. Specifically two methodsof cachingare investigated. Statically
the compilergeneratinghe virtual machinecanmapthe stateof the stackmachineto the
registers. Transitionsare definedover a finite setof states;thesetransitionsmodify the
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cache,leaving it in a readystatefor the next stepof the interpreter Alternatively, the
interpretercandynamicallymapits statego theregistersatruntime [9].

2.6 Conclusion

Java andthe virtual machinethat supportthe languagearestill relatvely young. A lot of

work hasbeendoneto improve the performanceof JVM’s. Very little of this research,
however, hasconsideredhebenefitsof hardwaresupportfor the JJava runtimeernvironment.
If Java continuesto be popularas a developmenttool and as an internettool, hardware

componentslesignedo supportJava might be justifiable within processors Particularly

enticing are componentgo supportgarbagecollectionin hardware andto handleexcep-

tions. Both of thesetopics have beenexploredin previous researchput have yet to be

appliedto JVM’s[19, 24].

As mentionedabore, thousand®f papershave beenpublishedon the topic of caching
andmemoryhierarchies Dueto its design,Java treatsmemorylik e a black box, allowing
JVM implementationsigreatdealof freedom.In exchangéor this platformindependence,
Java programsare unableto benefitfrom available cachesupportandthe advancesmade
in cacheperformance A JVM, however, could have accesgo thosecachesand might be
ableto take advantageof differentcacheformations.We will be consideringvhatcaching
stratgiescould bebeneficialto Java performance.



Chapter 3

JVM Personality

“Sun Microsystemsnc!s Javatechnology has
undegonea remarkablgransformatiorin a mee

four years— from promisingand sexy to useful
andboring’”

—Miguel Helft, June1999

personalitydistinctly differentfrom thatof aregisterbasednachine.This chapter

will look at someof the interestingqualities of the JVM with an eye towards
how thesedifferencesinfluencethe memoryaccesatternsof a Java program. We will
concludewith ideasabouthow the JVM’s memorystructurecanbe exploited to improve
cachingperformanceTheseideaswill be picked up againin Chapter6 whenwe consider
alternatve cachingstratgjiesfor Java programs.

@ riginally designedasa network-centricplatform, the Java Virtual Machinehasa

3.1 Small Bytecode

Java classfiles are very small and compactcomparedto traditional compiledprograms,
allowing themto be moreeasilytransmittedacrossnetworksto run on client machines A
Hel | oWor | d Java classfile takesup 462 bytesof spacecomparedwvith 3280bytesfor the
sameprogramwritten in C and compiledto machinecode? Sincethe two programsdo
the samework, they mustrequirethe sameamountof data. The reducedsizeof Java class
files is theresultof smallerinstructionsize,individual instructionsdoing morework, and
theimplicit understandinghatlibrarieswill be dynamicallyloaded.For Hel | oWr | d, the
codethat performsthe actualprinting is not containedwithin the classfile; it lies within

1Quotedrom onlinenewsarticle: http://www0.mercurycentarom/svtech/nes/indepth/docs/ja061499.htm
2Compiledusinggcc-2.95. ffor FreeBSD4.
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Syst em aclassfile which is assumedo beinstalledalongwith the Java Virtual Machine
implementation.

Thesmallaveragdanstructionsizeof Java programss well documentetby McGhanand
O’Connor As they pointout, Java bytecodesrefollowed by a variablenumberof bytesof
dataneededo executethe instruction. Frequently no extra bytesfollow the bytecode.On
averagethelengthof anexecutednstructionis only 1.8 byteslong [22].

Java instructionsoperateat a higher level of abstractionthan traditional RISC® and
CISC? instructions. For example,the Java instructionsetincludesinstructionsto allocate
memoryfor objectsandarrays,invoke virtual and static methodsand checkcastsat run-
time. This level of abstractiormeansthat the executionof eachinstructionrequiresmore
work to bedonethanfor RISC or CISCinstructions.Figure3.1 shavs the sourcecodefor
Foo, a simpleJava program. Figure 3.2 givesthe disassembledava bytecodefor Foo, as
well asarough68000assemblyanguagémplementation.

public class Foo{
/**
* Pre: last >0
* Post: returns sumof positive integers <= |ast
*/
public static int sun(int |ast){

int total = 0;

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

}

return total;

}

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

Figure3.1: Sourcecodefor Foo example.

The'i’ prefixfor Java opcodesndicateghatthe operationinvolvesintegervalues;such
opcodetyping makesbytecodeverificationpossible. The numbersat the beginning of each
line arethe offsetsinto the methods instructionbytecodestream.For example,| ADD in int

3Reducednstructionsetarchitecture.
4Comple instructionsetarchitecture.



CHAPTER3. JVM PERSOMLITY 26

Java Bytecode 68000Assembly
int sum(int) sum: link #-8,fp
0 iconstO;; pushO ontoop. stack clr.l #-4(fp)
1 istorel ;; store0 from stackto total move.l #1,-8(fp)
2 iconstl;; pushl ontoop. stack for: cmp.l-8(fp),8(fp)
3 istore2;; 1fromop. stackintoi blt endfor
4 gotol4d add.l#-8(fp),-4(fp)
7 iload.1;; pushtotalto stack add.l#1,i
8 iload.2;; pushi to stack brafor
9 iadd endfor: move.l#8(fp),d0
10 istorel ;; storeval. on stackto total unlk fp
11 iinc21;;i++ rts
14 iload.2;; pushval. ini to op. stack
15 iload.0;; pushval. in lastto op. stack main: link #-4,fp
16 if_icmple7;;if i j= lastgotoinstr. byte7 move.|#1000,-(sp)
19 iload.l;; pushval. in totalto op. stack bsrsum
20 ireturn add.l#4,sp
move.l d0,-4(fp)
void main(java.langString|[ ]) exit

0 sipush1000;; push1000ontoop. stack
3 invokestatic#4 <Methodint sum(int)>
6 pop

7 return

Figure3.2: Java bytecodefor Foo anda possible68000assembljlanguagéranslation.The num-
bersatthebeginningof eachlavabytecoddine aretheoffsetsinto themethodsinstructionbytecode
stream.
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sum(int)canbefoundat offset9. Eachopcodetakesup onebytein theinstructionstream
andis usuallyfollowedby zeroto threebytesof operandsMany of theJaraopcodeshavn
donotrequirearguments.Thel CONST_* opcodesfor example,pusha constantvalueonto
the operandstackwherethe constantvalueis the value of the*. Theinteger add (I ADD)
similarly takesthetop two valuesfrom the operandstack,addsthem,andpushegshemback
ontothestack;no offsetsor registersneedbe specifiedassourceanddestination Also note
the high level featuresof Java directly mappedinto opcodes. The invocationof a static
methodis accomplishedby | NVOKESTATI C #4.

The 68000assemblyversionincludesalmostexclusiely instructionsrequiring argu-
ments. The ADD instructiontakesthe locationof the two operandsasargumentswith the
latter operandalsoservingasthe storedestination.Eachof theseinstructionsis specified
by two byteswith the potentialfor anadditionaltwo bytesof supplementarpperandiata.

Ultimately, boththe smalleraverageinstructionsizeandthe high level abstractiorevel
of instructionsskew thethetraditional 75%instruction,25%datasplit of memoryaccesses.
As we’'ll seein Chapter4, Java programsaccessnemoryfar morefrequentlyto fetch data
thantraditionalprogramsdo. Keepingin mind thatinstructionaccesselave a higherlo-
cality ratethandataaccesseghis posesa potentialproblemto high cachehit rates.

3.2 Java Constants

All Java constantdor a given classare storedin the class’ constantpool. In Chapter2
we saw thatthe resolutionof instancevariablesand methodsinvolveslooking up the off-
setwithin a constanpool. Consequentlyimproving constanpool memoryaccessesould
malke a significantdifferencein performanceMoving constanimemoryaccesseto a sep-
aratecachehasthe potentialto reducecachepollution andto make constantaccesseson-
sistentlyfast. Sincethis datais only written to once(whenit is initialized), a specialwrite
oncecachecouldbeusedto cacheconstanipool accessed-inally, arelatively smallcache
couldstoremost(if notall) of aclass’constanpool.

3.3 StackArchitecture

Thestackarchitectureof theJVM specificatiomemaovesary relianceontheunderlyingma-
chines registerconfiguration. This hastwo importantramificationswith respecto mem-
ory accessemadeby Java programs First, nearlyall datamanipulatedoy a Java program
passe$nto andout of operandstacks.Secondthetypical scratchspaceprovided by regis-
tersto anexecutingprogramis unavailableto Java.
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3.3.1 The Operand Stack

Insteadof having operandseadywaiting in registersbeforeperformingan ALU operation,
the CPU needdo take the necessarpperand®ff of anoperandstack. A simpleexample
senesto illustrate how penasive animpactthis differencemakes. To performa simple
integeradditionusinga RISCinstructionsetrequireshefollowing steps:

1. Fetchingtheinstructionfrom memory Theinstructioncontainghe sourceanddesti-
nationregisters.

2. Readinghe operandgrom the specifiedsourceregisters.

3. Performingthe additionandstoringthe sumin the destinatiorregister

It is straightforvard to seethatthereis a singlememoryaccessnvolvedin executingsuch
an addition operation. On currentRISC machinesreadingthe instructionfrom memory
would requirereading4 bytes(or possibly8 bytes). For the JVM to executethe same
integeradditionrequireshefollowing steps:

1. Fetchingtheinstructionfrom memory After decodingheinstructionasanaddition,
the JVM knows that thereis no needto readary amgumentsfrom the instruction
stream.

2. Poppingheneededperand$rom thetop of thestack,causingwo memoryaccesses.

3. Performingtheadditionandpushingthe sumontothestack,causinganothememory
access.

In executingasingleadditionoperationthe JVM accessememoryoncefor theinstruction
(1 byteread)andthreetimesfor data(4 byteseachtime). A total of 13 bytesmustberead
from memory ascomparedo 4 bytes® It is notimmediatelyevident, howvever, how large
animpactthis increasdn dataaccessehason cachingperformance Sincethe top of the
stackis frequentlythe addresseingaccesseth memory the dataaccesseshouldhave a
higherdegreeof locality thanin a traditional program.In Chapter6é we considerwhether
theincreasedocality is worth theincreasedumberof dataaccesses.

5Attentive readerswill note that even though RISC add instructionsalways operateon registers, RISC
processorstill needto loadthe dataoperandsnto registersandstorethe sumin memory(at somepoint). At
first glancethis might seemto reducethe relative memoryliability of Jasa’s stackarchitecture.ln reality, the
loadsperformedby a RISC machinebestcorrespondo the memoryaccessethe JVM malesto getvalues
from local variablesand parameter®nto the stack. Similarly, saving the sumfrom the top of the stackto a
local variableor parametemirrorsa RISC store.
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3.3.2 Lack of Registers

By now thelack of registeraccespresentan olbvious performanceroblem:the fastdata
storage providedby registels is not only unavailable but replacedby memoryaccesseso
the top of the stakk. Now both scratchspaceand memoryaccessesieedto be cached,
placing a greaterresponsibilityon the cache. As long as the cachecan cover most of
the memoryaccessesherebyhiding memorylateng, areasonablelegreeof performance
shouldstill beattainable Chaptet6 considerghe maskingeffectsof registersandhow they
actlike alevel 0 cache.

3.4 Obiject Oriented Paradigm

Well-structuredlava programsfeaturemultitudesof small, layeredmethods. Sucha pro-
grammingstyle leadsto mary more methodinvocations. Sinceresolvinga methodinvo-
cationrequiresreadingdatafrom a constantpool, a high numberof methodinvocations
contrilutesto a high numberof dataaccesses.

Looking at how a static methodinvocation executesis enlightening. First, the IN-
VOKESTATIC opcodeis readfrom the instructionstream;onceit is decodedwo amgu-
mentsarereadfrom the instructionstreamto sene asanindex into the constantpool of
the currentclass(threememoryaccesses)The indexed entry in the pool musthave the
tag CONSTANT _Methodref(onememoryaccesgo check). Assumingthis is not the first
invocation, the entry hasa pointerto the location of the methodbytecode(one memory
access$.

In an effort to hide implementatiordetailsandto provide security objectsin Java can
only be manipulatedhroughreferencesind not throughpointers. Objectsare passediy
referencein parameterstheir methodsare accessedhroughreferencesandso on. This
paradigmintroducesa level of indirectionwhenaccessingbjectfieldsandmethodssince
anobjectcannotbetreatedasavalue(likein C).

Finally, the treatmentof arraysasfull-fledged objectsintroducesfurther memoryac-
cessesAs we mentionedn Chapter2, the languagespecificatiorrequiresan Ar r ay Qut -
O BoundsExcepti on to be throvn when an illegal array accesds made;therefore,the
lengthof thearrayneeddo bechecled on every accessThis addsat leastonememoryhit
to every arrayaccess.

8|f thisis thefirst invocation thentheclasscontainingthe methodneedso beresohed. If thatclasshasnot
yetbeenloadedthe JVM triesto loadit.
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3.5 Conclusions

The combinationof small bytecodesa more powerful instructionset, andsupportfor an
objectorientedprogrammingparadigmleadsto a much higherratio of dataaccesse$o
memoryaccessem Javaprogramghanin traditioncompiledprograms Sincedataaccesses
typically have a much lower locality than instructionaccessesthis hasthe potentialto
reducethe effectivenessf caching.In Chapters we will examinethe performancenf both
unifiedandHarvard cacheghatarecachingJava memoryaccesses.

Sinceclassfields, methodsand constantsarelooked up in a class’constanipool, that
pool is accessedrequentlyenoughto considercachingconstantpool datain a separate
cache.Similarly, cachingthe top of the operandstack,anareawith extremelyhigh access
locality, could help compensatéor the higherrate of dataaccessem Java programs.Fi-
nally, the lack of registersto actasscratchspacecould be partially hiddenby usinga very
small,fastcacheto hold the mostrecentlyuseddata. While this cachewould not have the
benefitwof registermappingperformedby acompiler if thecachehadahighenoughdegree
of associatiity it could still hold a smallworking setof recentaccessesln Chapteré we
will considerthe possiblebenefitsof addinga constantache a stackcacheandaregister
cacheandcompareheir performancevith moretraditionalcacheconfigurations.



Chapter 4

Monitoring and Profiling the JVM

erewe will examinethe procesaindertaknto monitorthe memoryaccesgatterns

of Japharan interpretedJVM. After first discussingwhy Japharwas selectedas

the JVM to monitor, we will look atthe natureof theinstrumentationnsertednto

Japharto tracememoryaccessesThenwe will briefly describethe benchmarks
that weretraced. The distributions of thesetraceswill be presentedn Section4.4. We
will concludeby touchingon the importanceof the distribution of memoryaccessewith
respecto caching.

4.1 Interpretationvs. JIT

Japhais theHungryProgrammersinterpreted]VM. Theversionusedfor our experiments
is Japhar0.09, which supportsIDK 1.1.5. Although somefeaturesremainto be imple-
mented(suchassupportfor the AWT libraries), mostJava programswe’ve run on Japhar
have not exhibited unexpectedbehaior. The projectaimsto provide anopensourceJVM
to beembeddedn proprietary/commerciapplications.The opensourcenatureof Japhar
madeit aneasycandidatdor ourwork, sincewe neededo modify aJVM to acquiremem-
ory tracesof executingJava programs.

Althoughthefirst JVM’swereinterpreterstodaymostJVM’sarejust-in-timecompilers
(JIT's). In the domainof portabledevices suchas cellular phonesand personaldigital
assistant$PDA'’s), however, computingresourcegrestill very limited. Thesmallmemory
footprintof aninterpretetis anindispensabléeature’ Nonethelesshelargestandpossibly
mostimportantclassificationof JVM’s todayis the JIT JVM. This factis underscoredby
thenumerougesearctprojectsconcernedvith improving JIT compilationperformance.

1At least, that is, until hardware implementationsof the Java Virtual Machine specificationbecome
widesprea&noughto be a smalladd-onchip.
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GiventhatJIT JVM’s dominatethe markettoday it is importantto addressvhy thein-
strumentatiomndexaminationof aninterpretelis worthwhile. Thefeatureof aninterpreter
thatmakesit anurviable Java platformin mostdomains,jts simplicity, makesit anattrac-
tive JVM to work with wheninvestigatingthe behaior of Java programs.An interpreter
is nothingmorethana loop that fetchesthe next Java bytecode decodest, andexecutes
it. The executionof the Java programis isolated,without the complicationsof compiling
Java bytecodeto native machinecodein the background.The difficulty of determiningif
compilednative codeexists andhow to executeit insteadof the bytecodeis a non-issue
with interpreters Sincethis s thefirst investigationinto thememoryaccessingharacteof
Javaprogramsit is reasonabléo limit thescopeandcompleity of theproblemby working
with aninterpreter

Limiting theinvestigationto the performancef Jasa programsnalkestheresultsappli-
cableto Java native platforms.HardwareJVM’s do notincurary of theoverheadassociated
with simulatinga programtranslator As the PDA market expandsherewill likely beade-
mandfor hardwareJVM's.

Ultimately it is importantto bearin mind that the memory profile of Java programs
is largely blind to theimplementatiorof the underlyingJVM. Whetherthevirtual machine
usesJIT compilation,adaptve compilation,interpretationpris ahardwareimplementation,
an executingJava programwill still be designedo run on a stack-basearchitecture.The
programwill still needto make all of the memoryaccesseassociatedavith theretrieval of
data.

Onecould aguethat a non-interpretednon-hardvare JVM hasno needto fetch Java
bytecodesrom memory;hencetheinclusionof instructionaccesse memoryseparates
ourresultsfrom thebehaior of JIT JVM’sandadaptve compilationJVM's. Thisis atleast
partially true; however, it is not clearthatJIT andadaptve JVM’'s arewholly exemptfrom
the procesof fetchinginstructionsthatareto be “translated. A JIT JVM interprets Java
bytecodewnhile it compilesthat samebytecoden the background.Oncethe bytecodehas
beencompiled,the JVM still hasthe overheadof locatingthe compiledcodewhereit has
beensaredin memory The quantityof memoryaccessedo fetch theseinstructionsmay
differ from that accessedo fetch the Java bytecode;nonethelessthe JVM still needsto
lookup the location of the compiledinstructionsin muchthe sameway that it looked up
the bytecodesWhile the compiledcodeis fetchedby the underlyingCPU asinstructions
andthe bytecodeis fetchedasif it wasdataby the CPU, both modesof operationrequire
memoryaccesset retrieve instructions.A similar agumentcanbe madefor JVM’'s that
useadaptve compilation.

Gaininganunderstandingf how interpretedJava programsusememoryis important.
By limiting our scopeto the accessesnadeon behalf of the Java program,and not the
supportingJVM, we lose someof the memory profile of the whole JVM/Java program
system.In exchangetheresultsareapplicableto Java programsrunningon ary JVM. In
particularthey areimmediatelyrelevantto hardwareJVM's natively runningJavabytecode.
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4.2 Instrumentation

In instrumentingdaphamve locatedthe interpretationloop andfollowed the variouspaths
of executiontaken to translatethe differentJava bytecodes.Whenthe bytecodewasfirst
fetchedfrom memorythe opcodewasloggedto an instructionlog, tracingthe order of
instructiongranslated Thedistribution of theseinstructionss discussedn Sectior4.2.3.

It shouldbenotedthatnotall of thememoryaccessesadeby Japhamwerelogged.The
intentwasto capturethe memoryaccessemadeon behalfof an executingJava program
asif the programwererunningon a CPU natively executingJava bytecode.The memory
accessemadeby Japharas part of the JVM framavork wereignored. Most notably the
pushingandpoppingof methodframesoff of athreads methodinvocationstackwerenot
logged.

Eachtime memorywasaccessedspartof the executionof anopcodethe accesswas
loggedto a tracefile that sened asinput to a cachesimulator(seeChapter5). For each
accessthe addressn memoryhit wasrecordedalongwith a bit flag sequencelassifying
theaccessBits wereusedto markanaccesssareador write, andasaninstructionor data
access.Dataaccessewerealsomarked as beingmadeinto the operandstackor into the
constanipoolwhereappropriate.

Additionally, the opcodethat causedthe accesswas logged. The high level nature
of Java opcodeg(seeChapter3) resultsin multiple memoryaccessesluring the opcode
execution.For example,theintegeraddopcode(l ADD) generate$our memoryaccesses:

1. Theinitial accesso the bytecodestreanmto fetchthel ADD opcode,

2. An accesdgo thetop of the(current)operandstackto retrieve thefirst operandor the
instruction,

3. A secondaccessgo thetop of the operandstackto retrieve the secondperandand

4. An accesdo thetop of the operandstackto save the sum.

Memoryaccessewereoccasionallynadein instrumentedodebeforethe executionof the
Java programstarted. TheseJVM initialization accessemight resultfrom the loading of
compiledclassfiles andshouldbe includedin the memoryprofile of Java program.Since
no opcodecanbe assignedo theseaccesseghey wereassignedo NOP (which wasnever
actuallyusedasanopcodeduringbenchmarkséxecutions).

It is worth noting thatthe valuesusedin thesememoryaccessewerenotlogged. Our
cachesimulatoris only concernedvith how successful given cachestructureis at cap-
turing the currentworking setof memoryaddresses—itloesnot attemptto recreatethe
executionof a Java program.lgnoringthe datavalues,we reducethe sizeof our tracefiles
withoutlosingary informationthatinfluencescacheperformance.
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4.2.1 Virtual Addresses

The addressedeingtracedarethe virtual memoryaddressesf Japhar In reality, most
cacheglealwith physicalmemoryaddressethathave alreadybeentranslatedrom virtual
addresse$y the operatingsystem. This doesnot have animpacton cacheperformance
evaluationaslong asall of the addressesentto the cachearevirtual addressefrom the
samevirtual addressspace. By ignoring physicalmemoryaddresseand issuesof page
faults, we arefreedfrom the taskof invalidating lines of the cachethat context switches
would necessitateThe endresultis a simplercachesimulatorthat still accomplisheshe
monitoring taskswe desire. The cachesimulatorwill be discussedn greaterdetail in
Chapters.

4.2.2 Maximum Trace Size

Most of the benchmarksiccessednemorymillions of times. After 116,508,000nemory
accessegustunderonegigabyteof data),ourinstrumentatiortodestopsloggingaccesses.
Theopcoddoggingterminatesatthesameime sothatthe numberof opcodesxecutedcan
be comparedvith the numberof memoryaccessemadeduringtheir execution. The num-
berof unloggednemoryaccesseis recordedsothatanideaof how muchof thebenchmark
programexecutedbeforethe accesscap was reachedseeTable B.1 for thesenumbers).
Thetracefiles aresuficiently largeto provide agoodideaof thememorycharacteof each
benchmarkdespitenot recordingall of theaccessemadeduringexecution.They arelong
enoughto ensureghatcacheperformances testedagainssequencesf accessethatdo not
causemostly compulsorymisses.If thesequenceweretoo short,simulatedcachesvould
have performancesufering from disproportionatelhigh numbersof compulsorymisses.

4.2.3 BytecodeDistrib utions

In our overview of recentresearchsurroundinglava Virtual Machinesin Chapter2 we
includedwork by O’Connorand Tremblayon the PicoJ&a JVM. They give distributions
of opcodesrecordedduring executionof javac and a raytracingprogram[25]. The op-
codetracefiles we recordedweretalulatedinto the sameclassificationsasthoseusedby
O’Connorand Tremblay to verify the resultsthey reported® The completebreakdan of
opcodeclassificationss givenin AppendixB.

The numbersshavn in Table4.1 differ slightly from the averagesgiven by O’Connor
and Tremblay Their numbersare basedon the javac and raytrace benchmarkswhile
oursaredravn from monitoringthe SPECJVM98 benchmarlksuite (excluding check and
checkit) andthelinpack benchmark While we did not tracethe sameraytrace benchmark,

2SinceO’Connorand Tremblaydo not list the breakdown of their categories,we madean educatedjuess
asto whatopcodedell into eachcategory.
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Type Average Type Average
LVAR_LOAD 32.98% LVAR_LOAD 34.5%
LVAR_STORE 6.58% LVAR_STORE 7.0%
MEM _LOAD 15.59% MEM _LOAD 20.2%
MEM _STORE 4.79% MEM _STORE 4.0%
COMPUTE 10.67% COMPUTE 9.2%
BRANCH 9.06% BRANCH 7.9%
CALL RET 6.08% CALL RET 7.3%
PUSHCONST| 9.51% PUSHCONST 6.8%
MISC_STACK 4.09% MISC_STACK 2.1%
NEW_OBJ 0.25% NEW_OBJ 0.4%
OTHER 0.42% OTHER 0.6%

Table4.1: Thetableon theleft shavs the averageof 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 OpcodeDistrib utions #1

Type Enpty 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% 3239 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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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 OpcodeDistrib utions #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% 1511 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: Java opcodedistributions(continued)
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themtrt benchmarks aray tracingbenchmark As Tables4.2 through4.4 shaw, thereis a
fair dealof variationamongsthe benchmarksn the frequeng of the differentcateyories.
The slight differencesbetweenour resultsand thoseof O’Connorand Tremblayare the
consequencef usingdifferentbenchmarks.

Kazi etal. [17] reportopcodedistributionsacrosssimilar categyoriesfor LinPack, Caf-
feineMark, Dhrystone,JMark2.0,and JavaWbrld. They have separatediatacornversions
from computatioropcodesandcomparisongrom branchopcodes.The averageof the dif-
ferentbenchmarksoughly correspondso the resultsgivenin Table4.1. The numbergor
our linpack differ in several placesfrom theirs. Changinglinpack to run asan application
insteadof anappletmight have causedsomeof this difference.

4.3 Benchmarks

We useda numberof benchmarkso generatempcodeandmemorytracefiles. Eachbench-
mark is briefly examinedbelov. Additionally, an empty Java programwastracedto act
as a yardstickfor measuringhe amountof overheaddue to JVM startupand shutdevn
costs.Thedatafor this programappearsinderthe Enpt y heading.Thesenumbersarenot
includedin ary averagessinceEnpt y is not oneof our benchmarks.

4.3.1 Linpack

Linpack is a benchmarkthat performsmatrix operationson 500 x 500 matrices. Conse-
quently ahugenumberof memoryaccessearemadeduringthe executionof the program.
The versionwe ranwasmodifiedto run asan applicationfrom the commandine instead
of runningasan appletin a web browser The particularinterestwith this benchmarkis
the heary useof arrays,both uni-dimensionabnd multi-dimensionalthe large amountof
computatiorthatis performedandthe high concentratiorof constanpushego the top of
operandstacks.

4.3.2 SPECJVM98

This is a benchmarksuite developedby SPECfor comparingperformanceof JVM’s. Our
purposdn usingthis suitewasnotto beableto comparelaphato otherJVM'’s, but to look
at the memoryprofile of well-knovn and acceptedoenchmarks.Sinceour purposewas
only to gatherdataandnot submitthe results,we ranthe benchmarkssapplicationdrom
a commandine. Several of the benchmarkslid not run to completion,dueto problems
originatingin the incompleteimplementatiorof Japhar However, all of the benchmarks
thatdid not finish loggedthe maximumnumberof memoryaccessebeforedying; there-
fore, the only informationlost is a roughideaof what percentagef the benchmarkhad
finished.
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Eachbenchmarkn the suiteis briefly describedelov. For the benchmarkshatfailed
to finish, a brief reasorfor the failureis forwardedwherepossible.

check

The benchmarkerifiesthatthe executingJVM suppliescertainlanguagdeaturessuchas
virtual and static methodinvocation, bit and arithmeticoperations accessrotectionfor
fieldsandmethodsandarrayindexing beyondits bounds.Japhaprematurelfinishedexe-
cutiondueto anunexpected ndexQut Of BoundsExcept i on thatwasgeneratedvithin the
methodSyst em ar raycopy() . Otherthanillustratinganimplementatiorerrorfor Japhay
thebenchmarks notnotevorthy (andis thereforenotincludedin ary averagesve present).

compress

This is a port to Java of the 129.compress benchmarkirom CPU95. It runsa modified
Lempel-Zv (LZW) compressiommethodon datareadfrom files. Amongthe changesthe
programno longertakesinput from stdin and outputsto stdout; instead,both input and
outputdealwith memory This causes large numberof memoryaccesse be made—
8.77x 1CP.

db

The benchmarloadsa databasdrom afile into memoryandperformsa numberof addi-
tions, deletions searchandsortoperationson the database Simulatingthe cacheperfor
mancefor this benchmarlgivesanideafor how well the database’organizationdealswith
therandomacces®f its information.

jack

Jack is a Java parsergeneratorthat takes a grammarasinput and producesa parserfor
the grammar Theinputin the benchmarkis the grammarfor jack itself, which is usedto
generatatreemultiple times.

javac

Thejavac benchmarkeststheJavacompilerfrom JDK 1.0.2.SinceJaphais notbackwards
compatiblebeforeJDK 1.1, the benchmarldid not finish. As a sidenote,Japhatasnot
hadproblemsrunninga JDK 1.1 or higherjavac program.
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jess

Jess is anexpertshellsystenthattakesafactlist andappliesgivenif-then rulesto themto
solve logic puzzles.On eachiterationof solvingthe puzzlesextra non-applicableulesare
addedotheruleset,increasinghesizeof thesearchspacejess understandaspeciakules-
languagéborravedfrom Nasas CLIPSprogram;assuch jess is basicallyaninterpreteifor
thislanguage Thelanguagetself is list-orientedandis syntacticallyandsemanticallywery
LISP-like. Japhamexecutednostof the benchmarlbeforeabnormallyquitting with a “f atal
signalhandlercalled,signal= 11" message.

mpegaudio

Mpegaudio decompresse$SO MPEG Layer3 audioencodediles. About4 MB of audio
datamakesup the workload. This benchmarkmakesnearlyasmary memoryaccesseas
the compress benchmarkvhile performingarelatively high amountof computation.

mtrt

Thisis araytracemprogramthatworks on a scenecontaininga dinosaur Two threadseach
renderthe scene.The benchmarlfeaturesa lot of CALL _RET instructions.Japharstalled
anddid notfinish execution,possiblydueto a problemwith threadswitching.

4.4 Distrib utions of Memory Accesses

While thedistribution andfrequeng of Java opcodegivesaninsightinto whatinstructions
aremostfrequentlyexecutedthis dataalonefails to completelyillustratewhatinstructions
dominatethe executiontime of a Java program. Accessego memoryis a well-knowvn
performancéottleneck.As such,the memoryprofile of Java opcodegyivesa truer picture
of how muchtime the JVM spendsxecutinga given opcode;this time canbe thoughtof
asacritical portionof the performancef the executingJava program.

We will look at the memoryaccessetoggedduring the executionof the benchmarks
describedabove in two lights. First, we will look at how memoryaccessearedistributed
acrossthe opcodecategyoriesusedin Section4.2.3. Secondwe will look at memoryac-
cessesn the broadercatayoriesof datahits vs. instructionhits andstackvs. constanpool
vs. randomaccesslatahits.

4.4.1 Memory AccessDistrib ution by OpcodeClassifications

Although a Java programmight spend10.67%o0f its time performingcomputation,only
7% of its memoryaccesseare madeon behalfof COMPUTE opcodes.Certainopcodes
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Type OpcodeDist. Mem. AccessDist. Mem/

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 847,844 576% 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: Opcodeandmemoryaccesdlistributionsfor the mtrt benchmarkglassifiedby opcode
types.

requiremorememoryaccessethanothers.Consideyfor example,thedistributionsfor the
mtrt benchmarkshavn in Table4.5 (the samedatafor the restof the benchmarksanbe
foundin AppendixB).

The opcodedistribution column containsthe valuesfrom Section4.2.3, with the ad-
dition of anaveragepercent. This percentis the averageof the frequeng percentagefor
all of the benchmarksNext, the memoryaccesslistribution columntallies the frequeng
of memoryaccesseg;lassifiedby what opcodetype causedhem. As before,a frequeng
percentages given; hereit measureshe frequeng of a category againstthe total num-
ber of memoryaccessefgged. The averagepercent,again,is the meanof the memory
frequenyg percentfor all of the benchmarkslt is immediatelyobvious thatthereis a dis-
crepang betweenhow frequentlya given opcodeis executedand for what portion of the
memoryaccesset is responsible For example, COMPUTE opcodesoccur7.42%of the
time in mtrt but only accountfor 3.54% of the memoryaccessesadeby mtrt. In con-
trast, CALL _RET opcodesomprisel0.72%of the executedJavainstructionsandmale up
21.40%of all the memoryaccessemadeduring the loggedperiod. Clearly CALL_RET
opcodesare far more expensve in termsof memoryrequirementthan COMPUTE op-
codes. If memoryaccesgime dominateghe performanceof an executingprogram,then
CALL _RET instructionscould accountfor asmuchas1/5 of thetotal runningtime of the
program.

Ideally, this discrepang would not exist. If the frequeng of an opcodeequaledthe
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memoryaccessrequeny, thenthetime spentaccessingnemoryon the behalfof a given
instructiontype would be proportionalto the time the JVM spentexecutingthat type of
instruction. Having eachinstructionspendthe sameamountof time accessingnemory
would also bring the time to fetch/decodefecute different instructionscloser Tighter
boundsoninstructionexecutionallows for easielinstructionpipelining.

Thelastcolumnin TableB.11 providesaneasywayto comparehedifferentcateories
of instructions. A catgyory whose(memoryaccesses)/(opcodmunt)is greaterthanthe
averageof the total numberof memoryaccessesver the total numberof opcodesexe-
cutedmakes a higher proportionof memoryrequestghan the averageper opcode. The
MEM_LOAD, MEM_STORE, CALL _RET, andNEW_OBJ all make relatvely high num-
bersof memoryaccessesBRANCH and OTHER are both closeto the averagenumber
of memoryaccesseperopcode(for this benchmark)jndicatingthatthe time spentfetch-
ing memoryfor themis roughly proportionalto the time spentexecutingthosekinds of
opcodes.The remainderof the catgyoriesfall belonv the averageand userelatively fewer
memoryaccessethantheaverage.

AverageMemory Distrib utions, by Opcodes

Type AverageFreqgency | 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

Ovenll Average: 7.45 Withoutjavac: 7.01

Table4.6: Averagesof memoryaccesslistributionsby opcodecateyory. The mopscolumnlists
the averagenumberof memoryaccesseperopcodeexecuted.Sincejavac hasanabnormallyhigh
BRANCH mops,the averagemopswithoutjavac aregivenin theright mostcolumn.

Table 4.6 lists the averagefrequeng of memory accessescrossall of the bench-
marks,catayorizedby opcodesThe averagememoryoperationgperopcodearealsolisted.
ComparingTableB.11 to Table 4.6, we seethatthe mtrt benchmarkhasmore expensve
BRANCH instructionghanthemajority of thebenchmarksWe alsoseethatthe NEW_OBJ
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andOTHER cateoriesaremuchmoreexpensve on averagethanfor mtrt. Thesetwo cate-
gories,however, shav alot of variationamongsthe differentbenchmarksThe NEW_OBJ

cateory rangesrom 24.32mopsfor mtrt to 113.63mopsfor linpack. In generalthe more
NEW_OBJopcodesxecutedthe lessastronomicathe NEW_OBJmops. This alsoholds

for the OTHER cateyory.
Figure 4.1 summarizeghe discrepang betweenopcodefrequeng distributions and

memoryaccesdglistributionsfor the averageacrosghe benchmarks.

Average Opcode Freqency Compared to
Average Memory Access Distribution
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Figure4.1: Comparisorof averageopcodeandaveragememoryaccessglistributions,classifiedby

opcodecategories.

4.4.2 Memory AccessDistrib ution by AccessType

The memoryaccessrofile of a Java programin termsof opcodecatayoriesrevealsa lot
of informationaboutwhich opcodesarepotentialperformancéottlenecksvhenaccessing

memoryis slow. Anotherwayto classifyamemoryprofileisin termsof whatkind of access
is beingmade.Traditionally instructionfetchesanddataretrievalsweretheonly catajories

of memoryaccessesTable4.7 catgyorizesmemoryaccessefor eachbenchmarkn this

way.
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Memory Accessedy 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 memoryaccesseby accesgype. The averagesdo notinclude Enpt y
frequencies.

The 75/25 instruction/datarule of thumbthat describeghe proportionof instruction
accesses$o dataaccessesor traditional compiled programsclearly doesnot hold here.
Rathertheratio canbe describedy the 30/70JavaMemoryRule:

30/70JavaMemoryRule: Whereagraditionalcompiledprogramsiemonstrate
a 75/25instructionto datamemoryaccessatio, Jasa programgollow a 30/70
instructionto datamemoryaccessatio.

The javac benchmarkis the exceptionto this distribution split, making 53.85%of its
accesseto fetchinstructions.This is particularlyodd giventhatjavac executedthe fewest
opcodesbeforereachingthe memoryaccesscap (seeTable 4.4). A closeinspectionof
the memoryaccessesadeby javac shaws that 40.63%o0f the accessesvere causedoy
LOOKUPSWITCHopcodegwhich comprisecnly 2.03%of the opcodesxecutedduring
theloggedperiod). This opcodes followed by avariablenumberof bytesin theinstruction
stream;theseform the lookup table. Thesebytesform match-ofset pairs. Executionof a
LOOKUPSWITCHopcodepopsani nt off of the operandstackandlocatesthe matchin
the match-pairdist. The correspondingffsetis usedto branchto the next instructionto
execute[20]. It would seemthatthe javac benchmarkcontainsa numberof large switch-
casestatementsgcausingJapharo run througha large segmentof the instructionstream
looking for the correctmatcheachtime the LOOKUPSWITCH opcodeappears. As a

3As Lindholm andYellin point out[20], a JVM doesnot needto performa linearsearchthroughthe bytes
following aLOOKUPSWITCHopcode A binarysearchfor example couldbeusednstead.Japhaapparently
doesusea linearsearchhowever.
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result,javac causesan abnormallyhigh numberof instructionfetchesdespitethe reduced
numberof opcodesxecuted.

We canfurther catgyorizethe dataaccesseaccordingto whetherthey occurredon the
stack,in the constangpool, or in genericmemory Table4.8lists sucha breakdown of the
memoryaccessemadeby eachbenchmarkAll of thebenchmarksxcludingjavac (whose
datapercentagewill be skewedasaresultof moreinstructionaccessesandlinpack made
19-26%o0f theirmemoryaccesset thestack.Thislargeaportionof stackaccessesnplies

thatevendataaccesseshouldhave agooddealof locality.

Data Memory Accessedy 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%

Table 4.8: Percentagef total memoryaccesseshy datasubtype. The averagesdo not include
Enpt y datapoints.

Thelinpack benchmarknademorememoryaccesset thetop of thestackthangeneric
memoryaccessesThis is probablya consequencef the heary useof arraysin the bench-
mark, sincethe array opcodesoften pushor pop an object referenceoff of the operand
stack. The ARRAYLENGTH opcodefor example,popsanarrayreferenceoff of thestack,
determineshelengthof thearray(accessingenericmemory),andpusheghelengthback
ontothestackasani nt [20]. The high concentratiorof PUSHCONSTopcodeslsocon-
tributesto the large numberof stackaccessesinceall of theseopcodegpushvaluesonto
operandstacks.

Theconstanpool accessealsoform a sizeableportion of the memoryaccessefor all
of thebenchmark&xceptingdb, makingup 5.4-10.52%of all memoryaccessesRReturning
to Table4.2,wefind thatthedb benchmarkasavery high proportionof LVAR_LOAD op-
codeswith relatively few PUSH CONSTopcodesThisdifferences probablya difference
in programmingstyle, shaving a preferencdor usinglocal variablesover usingconstants.
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It is worth noting that despitethe significantportionsof dataaccesseshat are stack
or constantaccessesall of the benchmarksstill have large numbersof dataaccesse$o
genericmemory Locality for thesedataaccessewill be muchlower thanthe locality for
instructionaccessesasit is for traditionalprograms.Theseaccessewill alsopollute ary
cachethey sharewith stackandconstanpool accesses.

45 Conclusions

Whenmemoryaccesseare categorizedby the type of opcodethat causedhem, we find
executedopcodeddo not have a proportionateamountof memoryaccessemadeon their
behalf. In particular MEM _LOAD, MEM_STORE, CALL _RET, andNEW_OBJopcodes
accountfor morethantheir shareof memoryaccesses.

In addition, far more memoryaccessesetrieve or write datathanthosethat fetchin-
structions.Thisis acompletenversionof thememoryprofile of atraditionalcompiledlan-
guagelike C or FORTRAN, where75% of the memoryaccessefetchinstructions.Given
that dataaccessebave a lower rate of locality thaninstructionaccesseghis distribution
leadsto alower hit ratefor bothunifiedandsplit cachesJusthow muchof a differencethis
makeswill bethetopic of Chapters.

At the sametime, the JVM hasaninner subdvision in how it treatsmemory Generic
memoryresidesn the heap,while othermemoryaccessesisean operandstackor a con-
stantpool. Both stackand constantipool accesseform a sizeableportion of all memory
accessesSinceaccessei a stackalwaysusethe top of the stack,theseaccessebave an
extremely high locality. Similarly, the numberof constantausedin a programis usually
small enoughthat taken all togetherthey would have a high degreeof locality. Unfortu-
nately theseaccesseareintermixed with dataaccesse$o the heap,potentiallyreducing
the effectivenessf stackandconstantocality. On the otherhand,datalocality in general
is certainlyimproved by their presenceThis slightly improved locality helpsto offsetthe
increasean dataaccessegeducingthe performancehit of not making 75% of accesseto
fetchinstructions.The extentof theseinteractionswill beexaminedin Chapter6.



Chapter 5

CacheSimulation

memoryasa black box. This abstractiorfreesJava programsfrom ary particular
computerarchitecture As we alsomentionedn Chapte2, however, thepresencer
absencef acachehierarchyis hiddenfrom all userprogramgJava or otherwise).Caches
aretranspaent The platform independencenjoyed by Java programscomesfrom the
JVM Specificatiors ignoranceof anarchitectures registerset.
This chapterdescribeghe experimentalsetupfor both unified andsplit cachesimula-
tion. Section5.2 reportsthe resultsof the cachesimulationsand compareghe resultsto
cacheperformanceesultsreportedior traditionallanguageenchmarks.

g t the end of Chapter2 we touchedon the fact that executingJava programsview

5.1 Simulation Setup

Thecachesimulatoris afully configurablgprogramthattakesasinputamemorytraceand
a cacheconfigurationand outputsthe tallies of how often eachcachein the configuration
capturedhe memoryaccesserquestedf thatcache(seeFigure5.1). All cachesarebyte
addressableptherwise,eachcachecan be parameterize@ntirely independentlyof other
cachesn the configuration.Everythingfrom line sizeandnumberof linesto the degreeof
associatiity andread,write, andreplacemenpoliciescanbe setin the configuratiorfile.
Finally, thereis a hook for addinga backupcache. This canbe usedto placea level two
cachebehindalevel onecachealevel threecachebehindalevel two cacheandsoon.

5.1.1 DataFree

As discussedn Chapted, the memorytraceof executingbenchmarksloesnot containthe
memoryvaluesfetched. Only memoryaddressesvererecorded,alongwith descriptions

46



CHAPTERS5. CACHE SIMULATION a7

modified Japhar (JVM)

memory trace

-

Figureb.1: Architecturefor the cachesimulator Thesimulatortakesasinputacacheconfiguration
anda memorytracegeneratedy the modified JapharJVM andoutputsthe performancedor each
cachein the configuration.Thediagramhappengo show threesimulatedcacheqC1,C2,andC3).

simulator
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specifyingthe stateof the JVM at the time the accessvas made. For our purposesof
simulatingthe performancef a givencacheconfigurationthis is suficient.

Accordingly the cachesimulationprogramdoesnot storethe value of a memoryad-
dress. Eachline of the simulatedcachestoresthe addresgag (that part of the memory
addresghatis not usedto locatetheline of the cache)andbits thatdenotetheline aspo-
tentially dirty, valid, or readonly. A time stampis alsopresenin eachline to enableleast
recentlyusedreplacemenpolicy simulation.

5.1.2 Policies

Thesimulatorcanbe compiledwith specializedeadandwrite functionswithout rewriting
thesimulationprogram.This generalityprovidesa greatdealof flexibility to the simulator
By defaultthereadfunctionlooksin acachefor anaddressif it is notthereandif abackup
cachds presentthefunctionthenlooksin thebackupcacheusingthebackups readpolicy.
Bothrandomandleastrecentlyused(LRU) replacemenpoliciesarehandledby the default
readpolicy.

The default write function can handlecombinationsof write-through/write-bac and
write-fetch/write-aroundvrite andwrite misspolicies.Lik e thedefaultreadpolicy, random
andLRU replacemenpoliciesarehandledoy the default write policy.

Eachcachehasa predicatefunction thatfilters the memoryaccesseallowablein that
cache. This can be as simple asfiltering out non-instructionaccesse$o as complicated
asonly allowing accesseshat fall within a certainaddresgange. The default predicate
functionusesthe acceptandrejectmasksfor the cache.The acceptmaskspecifiesaccess
flagsthatmustbesetin orderfor anaccesso be potentiallyacceptedor readingor writing
from thecache.Therejectmaskspecifiesaccesglagsthatmustnotbetruefor apreviously
acceptednemoryaccess.

5.1.3 Monitoring

Eachline of the cachetalliesits hitsandmissesIf amissedaddresdlock hasnotyetbeen
accessedluring the tracefor that cache thenthe missis recordedasa compulsorymiss.
All othermissesarelistedasconflict misses.
Categorizingnon-compulsorgachemissesascapacityor conflictmissesvould require
post-simulatiorcomparisorandcalculation.Themethodusedby PattersorandHennessg
compares caches performancevith the performancef afully associatie cacheof equal
size (using leastrecently usedreplacement]26]. Tracking capacitymissesfor a fully
associatie cacheis straightforvard and can be easily doneduring the simulation. Fully
associatie cachegdo not experienceconflict misses;therefore,any non-compulsorymiss
is a capacitymiss. The samenumberof capacitymissesoccurin the non-fully associatie
cacheof the samesize;aftersimulation,a simplesubtractiorgivesthe numberof capacity
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andconflict missedncurredby the cache.Giventhatall cachemissesareequalin termsof

thedelaythey causeo the CPU, it is only worthwhileto distinguishbetweerthemisstypes
if the catgyorizationsreveal somethingaboutthe memorytraceusedasinput. Compulsory
missesroughly describethe memoryaddressesisedby the programand give a general
senseof the memoryfootprint of the program* Hence,it is worth distinguishingthese
accessefrom the others. Capacitymissesgive anindicationof whetheror not a program
fits in the cachethey areinherentlytied to the size of the cache.While this couldbe used
to determinea goodsizefor a cache the endresultcanbe roughly seenby the different
performancesor differently sizedcaches.

Theliteratureoncachingreportsthateight-way associatie cachedave nearlythesame
missrateasfully associatie caches.Sincefully associatie cachesdo not suffer conflict
missesthe numberof capacitymissescanbe approximatedy looking at the numberof
non-compulsorymissesincurredby the eight-way associatie cacheexperiments. There-
fore, we have lumpedcapacityandconflict missedogether

Cachemissescausedyy a write instructionare handleddifferently dependingon the
write misspolicy of the cache.If the cacheusesa write fetch misspolicy, thenthe miss
is assignedo the line into which the addresss fetched. If the cacheusesa write around
policy, the misscannotbe assignedo ary particularline in the cache. Instead,a global
countof write aroundmissess keptin eachcachethatusesthatwrite misspolicy.

5.1.4 Experiment Parameters

Both the unified andthe Harvard cache(split cache)experimentsusecacheswith 32 byte
lines. Cachegangedn sizefrom 1K to 128K.All memorytracesveresimulatedwith direct
mappedachesandeight-way set-associate cachesThedefault predicateread,andwrite
functionswereused.For non-directmappedcachegandomreplacementvasusedinstead
of theexpensie LRU replacemenpolicy. A write-through,write-aroundwrite policy was
usedfor the unified cacheandthe datacacheof the Harvard configuration.Theinstruction
cachein the Hanvard configurationwasreadonly. Table5.1 summarizegthe parameters
used.

5.2 Results

We simulatedthe cachingperformanceof unifiedandHarvard cachedor all of the bench-
marksdescribedn Chapter4. Additionally, a simulationfor a unified cachewith a com-
pleterangeof associatiities wasrun with a shortermemorytraceobtainedfrom running

1As SeanSandyswisely pointedout, a cachemisspulls a whole line into the cache.For cacheswith large
lines, theline may containmemorythatis never accessedalternatvely, the line may containmemorythatis
usedin thenearfuture. In thelatter casea compulsorymisswill notshawv up for the prefetchednemory
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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
Associatvity directmappedand8-way (randomreplacement)
PredicatePolicy default
ReadPolicy default
Write Policy default | default | n/a

Table5.1: Experimentparametersor unifiedandHarvard cachesimulations.

theJDK1.2javac programonHel | oWor | d. Theassociatiity experimentwasaimedatver
ifying thatvarying the degreeof associatiity of a cachehadthe sameimpactfor caching
Java programsasit did for cachingnatively compiledprograms.The moreextensve uni-
fied andHarvard cachesimulationsonly simulatedirectmappedcachesandeight-way set-
associatie cachego reducethe computatiortime neededo performthe simulations.This
decisionwasmadesincethe absentachemissratioscanbe estimatedrom the eight-way
missratio usingthetechniquepresentedby Hill andSmith[13].

Theresultsreportedby PattersorandHennessgandby Geeetal. areusedasa basisof
comparisorrepresentingacheperformancdor natvely compiledprograms.Theseresults
wereobtainedoy runningbenchmarkprogramswrittenin C [11, 26).

5.2.1 Associatvity

Thefirst obseration thatcanbe madeby comparingFigure5.2 with Figure5.3is thatthe
Javabenchmarlcaused highercachemissratio thanthe C benchmarkesultsreportedoy
Geeetal. for comparableacheg11]. Thisis truefor all cachesizesandfor all degreesof
associatiity. Reasongor the highercachemissratioswill bediscussedn Section5.2.2.

Otherwisethetwo figuresexhibit similartrends.Higherassociatiity resultsin alower
miss ratio, but with diminishing returns. Increasesn cachesize reducemiss ratios for
all degreesof associatiity. We alsoseethatthe 2:1 Cade Ruleholdsfor the Java cache
simulationg26]:

2:1 CacheRule: Themissrateof a direct-mappedacheof sizeN is aboutthe
sameasatwo-way set-associate cacheof sizeN/2.

Forexample themissratiofor a16K directmappedachds roughlythesameasan8K two-
way set-associate cache.The2:1 rule of thumbappliesto higherdegreesof associatiity,
althoughthevariationis notastightly constrainedin ourdata,a2K two-way set-associate
cacheperformsaboutthe sameasa 1K four-way set-associate cache.
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Figure 5.2: Unified cachemiss ratesfor different associatiities for javac (JDK1.2) compiling
Hel | oWr | d.

Figure 5.2 alsocontainsa dataplot for a fully associatie cache.Our resultsconfirm
the corventionalwisdomthat an eight-way set-associate cachehasa miss ratio nearly
identicalto afully associatie cache.

Two concernswith the setupof this experimentneedto be addresseteforelooking at
the effect of associatiity on averagememaoryaccesgime. First, the replacemenpolicies
usedfor thedifferentexperimentaveredifferent. Ourresultswereobtainedusingarandom
replacemenpolicy for set-associate andfully associatie cacheswhile Geeetal. rantheir
experimentswith the LRU replacemenpolicy. It is interestingthat despitethis difference,
thetwo figuresdo notreveal ary noticeablampact. Randonmreplacemenperformsnearly
aswell asLRU replacementvithout the overheadof implementingthe LRU algorithmor
storingextra bits to track theleastrecentlyusedcachdine in a set.

Secondthetraditionalresultsreportthe averagemissratiosfor a suiteof benchmarks
while theJavafigurereportsononly asinglebenchmarkRunningjavac to compileHel | oWr | d
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Figure5.3: Unified cachemissratesfor differentassociatiities for SPEC92benchmarksuite[11,
26).

generatednemoryaccesglistributionsrepresentate of theaverageof theJavabenchmarks
used(seeChapterd). Tables5.2 and5.3 shav the percentagef eachkind of memoryac-
cess.Notethatthe ratio of instructionto dataaccesseadherego the 30/70Java Memory
Rule The assumptiorhereis thatmemorytraceswith similar type distributionswill have
similar localitiesof reference Hence the cachingperformancevould be similar.
Reducingthe cachemissratio by increasinghe degreeof associatiity is only worth-
while if the overheadof the higherassociatiity is lessthanthe gainsfrom a lower miss
ratio. To make this comparisonwe calculatedthe averagememoryaccesdime in clock
cyclesusingthe methodpresentedby PattersorandHennessy26] (seeFigure5.4). Since
the cachesn questiomareunified cachesthereis a structuralhazardcreatedy fetchingan
instructionon the samecycle asfetchinga pieceof data. This leadsto a modifiedformula
asshavnin Figure5.5. Thespeeddor thedifferentlevels of cache/memonraretakenfrom
PattersorandHennessyandareshavn in Figure5.6.
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Memory AccessDistrib ution for Javac (JDK1.2)

| Type | Frequency Freq.% |
INSTR 8342553 29.26%
DATA 20166674 70.74%

Table5.2: Distribution of memoryaccesseby typefor compilingHel | oWr | d with JDK1.2javac.

Data Memory AccessDistrib ution for Javac (JDK1.2)

| Data Type | Frequency Freq.% |
STACK 6723588 23.58%
CONST 1563774 5.49%
OTHER 11879312 41.67%

Table5.3: Distribution of datamemoryaccesseby type for compilingHel | oWr | d with JDK1.2
javac. Percentageareout of total memoryaccessemade.

General Method for Calculating AccessTime

Teyces = Thit +Mratio X Mpenaty
where
Teyces = averagememoryaccesdimein cycles
Thit = timeneededo accesshecacheonahit, in cycles
Mratic = missratiofor thecache
Mpenaty = timeneededo accesshenext lower level of memoryonamiss,

in cycles

Figure5.4: Generamethodfor calculatingaveragememoryaccesgimein cycles.
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Method for Calculating Unified CacheAccessTime

Teyces = lratio X (Thit + Mratio % Ileenaty)
+Dratio X (2Thit + Mratio X Ileenaty)
where
lraio = ratio of instructionaccesse total numberof accesses
Diatic = ratioof dataaccesse® total numberof accesses

Figure5.5: Methodfor calculatingaveragememoryaccessime in cyclesfor unified caches.

Speeddor Different Memory Layers

RegisterSpeed = 1clockcycle
Level OneCacheSpeed = 2clockcycles
Level Two CacheSpeed = 10clockcycles
Main MemoryAccessSpeed = 50clock cycles

Figure5.6: Speeddor differentmemorylayers.

Following Pattersonand Hennessgs example,the overheadfor associatiity canbe
includedby increasingaccessspeeddor cacheand memoryrelative to a direct mapped
cachehierarchy Therationaleis thatlooking up the correctline in a setin a cacheadds
time to the act of accessinghe cache;this in turn forcesthe clock cycle to be slightly
longer For cacheswith associatiity higherthanl, the averagememoryaccesdime has
beenscaledby anappropriateassociatiity constanto increaseéhe numberof clock cycles
spentrelativeto a memonyhierarchy usinga directmappedcache Table5.4liststhevalue
of theseassociatiity constants.

Tables5.5 and 5.6 give the averagememoryaccesdime in cyclesfor Jasa programs
and the SPEC92benchmarksuite using a unified cachebacled by main memory The
numberswvere computedusingthe formula givenin Figure5.5 andthe datavaluesshavn
in Figuresb.2and5.3.

The valuesof interestareitalicized in the tables. At thesepointsthe costof a higher
degreeof associatiity outweighsthe gainsgleanedrom a lower missratio. For boththe
Javabenchmarkandthe SPEC92uitethetradeof pointcomesatlargercaches.

Pattersonand Hennessygive their own numbersfor comparingthe averagememory
accessime of differentdegreesof associatiity. While we usedtheirmissratios,theaverage
memoryaccesgimeswe reportare higherby oneto two clock cycles. The discrepang
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Relative AccessTime Ratios for Associatiity

Associatvity  Time Ratio

directmapped 1.00
two-way 1.10
four-way 1.12
eight-way 1.14

Table5.4: Associatiity overheadcconstantsisedby PattersorandHennessy26]. Notethatthere
is a much larger differencebetweendirect mappedand two-way associatie cachesthanthereis

betweentwo- and four-way andfour- andeight-way caches.The transitionfrom a direct mapped
cacheo atwo-way associatie cacherequiregheadditionof new cachecontrollogic. Thetransition
from two- to four-way or from four- to eight-way associatie cachesonly requiresmodifying the

cachecontrollogic alreadyin placeto accomodatéargersets.

comedrom usingtwo clock cyclesastheaccessimefor alevel onecachansteadf theone
clock cycle accesgime thatthey use.Interestingly they usetwo clock cyclesfor thelevel
oneaccesgime whencomparingthe performancef a unified cachewith aHarvardcache.
For consisteny, we usetwo clock cyclesasthelevel oneaccesdime in our calculations.

Despitethe differencesn our datawith the numbersgyiven by PattersorandHennessy
the sametrendappearsn the data. Higherassociatiity comeswith an overheadcostthat
candominateaveragememoryaccesdimesin larger caches.The slight improvementin
cachehit rategainedby higherassociatiity is outweighedby the slower accesgime. Fi-
nally, the intuition that highercachemissratescorrespondo slover memoryaccessess
supportecherefor unifiedcaches In Section5.2.3we will seethat highermissratiosdo
notalwaysleadto slover averageaccesgimes.

5.2.2 Unified Cache

A unified cachetriesto captureboth instructionanddataaccessemadeto memory Our
experimentssimulatedthe performanceof a unified cachefor all of the benchmarksle-
scribedin Chapter4 exceptHel | oVWr | d. Herewe presentthe averageresultsacrossthe
benchmarksSimulationresultsfor theindividual benchmarksanbefoundin AppendixC.
Figure5.7 contrastghe unified cacheperformancdor an averageof Javza benchmarks
againstheunifiedcacheperformancdor SPEC92eportedby Geeetal. andPattersorand
Hennessy11, 26]. For smallcacheg< 4K), thetraditionalbenchmark$ave alower miss
ratefor bothdirectmappedandeight-way associatie cachesThis is not unexpectedsince
Java programamake moredataaccessethantraditionalprograms Dataaccessebave less
locality of referencehaninstructionaccessessoit is easilyunderstandableshy the Java
programshave a highermissratethanthe SPEC9Xuite.
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Figure 5.7: Unified cacheperformanceacrossan averageof Jasa benchmarks.Datafor direct
mappedandeight-way associatie cachess given.
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AverageCyclesper Memory Accessfor Java

Associatiity
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 4.49 453 4,50 4,55
64 4.16 4.38 4.41 4.48
128 4.01 4.30 4.37 4.44

Table5.5: Averagecycles per memoryaccessy associatiity. Calculationsfrom missratesfor
a unified cachesimulatinga traceof javac compilingHel | oWor | d(JDK1.2). Italicizedtype means
that this time is not fasterthanthe time to the left; thatis, higherassociatiity increasesaverage
memoryaccesdime.

For larger cacheshowever, the Java benchmark$iave alower missrate,againfor both
directmappedandeight-way associatie cachesTheJava curnesdropfarmoresteeplythan
the traditionalcurves. This dramaticimprovementin missrateis probablycauseddy the
Java programsearlyfitting into a 4K cache Evenwith moredataaccesseandaresulting
lower locality of reference8K or largercachesancapturealmostall of theworking setof
memoryaddressebeingaccessedT hus,the Java programshave relatvely smallmemory
footprints. Looking back at Figures5.2 and 5.3 we seethat heretoo the Java program
hasa steepedrop to its missratethan SPEC92.Here, however, the direct mappedmiss
ratefor the Java programnever dropsbelav the directmappedmissratio for the SPEC92
suite. The two-way, four-way, andeight-way associatie cachemissratesdo drop below
the correspondinggPEC92ratesfor 8K cachesandlarger.

5.2.3 Harvard Cache

Unlike a unified cache a Harvard cacheseparateglataaccessefom instructionaccesses.
Therationalebehindthis segregationis discussedn Chapter2. Like our unified cacheex-
perimentsall of the benchmarksvere simulatedon a Harvard cache. Herewe will only
presenthe resultsfor an averageacrossour Java benchmarkgexceptingHel | oWr | d as
always). Simulationresultsfor the individual benchmarksan be found in AppendixC.
Completemissratesfor eight-way associatie dataandinstructioncachedor the SPEC92
suitewerenot givenby Geeetal. [11]; Figure5.8reproduceshe numberghatwereavail-
able.
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Figure 5.8: Harvard cacheperformanceacrossan averageof Jaza benchmarks.Datafor direct
mappedandeight-way associatie cachess given.
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AverageCyclesper Memory Accessfor Traditional Programs

Associatiity
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 4.75 453
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 memoryaccessy associatiity. Calculatedfrom miss
ratesreportedn [11, 26] for unified cachexachingthe SPEC9Zhenchmarlsuite. Cycletimesare
higherthanthosegivenin [26] on page397 dueto allocatingtwo clock cyclesto accesghe cache
insteadof oneclock cycle. Italicized type meanghatthis time is not fasterthanthetime to theleft;

thatis, higherassociatiity increasesveragememoryaccesgime.

Figure5.8 contrastdHanard cacheperformancecrossan averageof Java benchmarks
againsthe Harvard cacheperformancdor SPEC92.Thefirst thing to notehereis the vast
differencebetweerthe missratesfor theinstructionanddatacacheslncreasinghesizeof
theinstructioncachegivesonly a slightimprovementin the missratesincethe ratesbegin
solow. Increasinghesizeof the datacachedramaticallyimprovesthe missrate,especially
for the JavabenchmarksThedirectmappedlava datacacherangedrom a painful 23.49%
missratefor a 1K cacheto animpressie 1.07%missratefor a 128K cache.

Therearetwo subtlepointsthatcanbededucedrom Figure5.8. First, the Javainstruc-
tion cachealwayshasa lower missratethanthatof the SPEC92nstructioncache.Thisis
probablya consequencef Java programshaving small bytecodesWith a smallbytecode
the instructionworking setis naturallysmall, allowing the instructioncacheto hold most
of theworking setandleadingto alower missrate.

Secondgventhoughsmall unified cachesservicingJava programshave a highermiss
ratethancomparableachesservicingtraditionalprogramsthe missratesfor Java servic-
ing datacachesare always lower thanthe datacachemissratesfor traditional programs
regardlessof size By thetime the Java directmappeddatacacheis 8K, its missrateis less
thanthe missratefor an8K eight-way associatie cacheservicingthe SPEC92programs.
As Section5.2.2explained,this indicatesthatthe working setfor the Java dataaccesses
not muchlargerthanthe size of the Java datacache.Remwing theinstructionsto a sep-
aratecachefreesup enoughspacen the datacacheto allow the Java cacheto outperform
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the SPEC9Zache.

5.2.4 Comparing Unified and Harvard Caches

We saw in Section5.2.1with unified cacheshat a high miss rate translatednto a high
averagememaoryaccesdime. Harvard cachesequirea more carefulanalysis,sincethe
missratesfor the dataandinstructioncachesonly affect the averageaccesgime by the
percentof the time eachcacheis used. In otherwords, the missratesfor eachcacheare
weightedby how frequentlythatcacheis referredto. Figure5.9 givesthe formulausedto
calculatethe averagememoryaccesdime for Harvard caches.Becauséhe expenseof a
cacheis proportionalto its size, it is importantto comparea unified cacheof sizeN with a
Harvard cacheof sizeN. This meanghata 2K unified cacheis comparedvith a Harvard
cachecomprisedf a 1K instructioncacheanda 1K datacache All of thetablesandfigures
in this sectionusethis basisof comparison.

Method for Calculating Harvard CacheAccessTime

Teyces = lratio X (Thit + Mingr X Ileenaty)
+Dratio X (Thit +Mdata X Mpenaty)

where

Mingr = missratefor instructioncache

Mgata = missratefor datacache

Figure5.9: Methodfor calculatingaveragememoryaccessime in cyclesfor Harvardcaches.

Table5.7 lists the averagememoryaccesgimesby cachetype for the averageof the
Java benchmarkand SPEC92. The SPEC92timeswere calculatedassuminga 75/25in-
struction/dataaccessatio while the Jasa timesusethefrequenciegivenin Chapterd. The
unifiedcachecalculationdavor the SPEC9Xuiteoverthe Jaszabenchmarksincethestruc-
tural hazardassociatedavith a unified cachecanbethoughtof aspenalizingdataaccesses.
With a muchgreaternumberof dataaccesseshe mtrt programis penalizedmuch more
frequently While onecouldarguethatthe penaltyshouldbe assignedo theinstructionac-
cessedor Java programstheinterpreters instructionsarealsostoredin the unified cache.
Thehazardmayexist onthe machinejt justis not a hazardhatfalls within the mainfocus
of thiswork. For thisreasonwe've left thehazardpenaltyadjustingthedataaccessime for
unified caches.Figure5.10 comparegshe averagememoryaccesgime for directmapped
caches.

Despitehaving bettermissratesfor both the instructionandthe datacachesthe Java
benchmark$iada worseHarvard cacheaccesgime thanthe SPEC92uitefor cachedess
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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 memoryaccesdor an averageof Jasa benchmarksand SPEC92.
Datais includedfor unified and Harvard caches.Eight-way associatie entriesthat have a worse
accessime thanthe comparablalirectmappedcacheareitalicized. Harvardcacheentriesthathave

aslower accesdime thana unified cacheof the samesizeandassociatiity aremarkedwith a’*".
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Average Memory Access Times for Direct Mapped Unified
and Harvard Caches
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Figure5.10: Comparisorof directmappedinifiedandHarvardcacheaverageaccessimesfor Java
andtraditionalprograms.
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than 32K in size. The reasonlies in the 30/70 Java MemoryRule dataaccessesccur
far morefrequentlythaninstructionaccessem Java programsmakingthe missratefor the
datacachemuchmoreimportantthantheinstructioncachemissrate.For the SPEC9Z%uite,
the oppositeis true sincethe instruction/dataatio is 75/25. Sincethe datacacheholding
Java accessemore strongly impactsthe accesgime for the Harvard cache,its missrate
mustbe extremelylow to achiere a fasttime. With smalldatacacheghe missrateis not
low enoughto offset the high demandplacedon it by Java programs.For larger Harvard
cacheghe Java programshave fasteraverageaccesgsimesthan SPEC92.Unified caches
servicingthe SPECJVYM98 and linpack benchmarksever have fasteraccesdimesthan
unified cachesservicingSPEC92 Consideringhatfor unified cachegyreatern 4K in size
Java programshave bettermissrates,the accesgime would be betterfor Java if the bus
hazardwvasnotassignedo dataaccesses.

A comparisorbetweendirectmappedunified and Harvard cachedor the Java bench-
marksrevealssomesurprisingresults.For smallcachesizesthe unified cachehasasslightly
betteraccesgime thanthe Harvard cache;this is not the casefor the SPEC92suite. The
reasorfor thisis theoverwhelmingnumberof dataaccessesiadeby Javaandthehighmiss
ratesfor smallJava datacaches.The performancecostof usingthe datacacheoutweighs
the benefitsgainedfrom segregatinginstructionsanddata.

At cachedargerthan8K, however, Harvard cachegerformbetterthanunified caches.
Herethedatacachemissrateis suficiently low sothatthe costof accessingnoredatathan
instructionsdoesnot outweighthe benefitsof a separatenstructioncache.This behaior is
capturedby the 16K InstructionRule:

16KInstructionRule: Fortheaveragelavaprogramusingdirectmappedaches,
separatingnstructionsinto a separateacheis only worthwhile whenthetotal
cachesizeis 16K or greater

In truth, ary JVM implementedn softwaredoesnot usethe instructioncache.Instead
of performinglike the direct mappedHarvard cachecolumn,the Java programhasan av-
eragememoryaccesdime of a unified cache 1/2 the size For example,a Java program
runningin asoftwareJVM on adesktopmachinewith a 32K level oneHanardcache(16K
data,16K instructions)doesnot have anaveragememoryaccesdime of 3.04clock cycles.
Instead the programhasan averageaccessime equalto a 16K unified cache:4.69clock
cycles.

Figures5.11 and 5.12 illustrate the shifting importanceof instruction and data ac-
cessesor theJavabenchmarkendSPEC9Z2enchmark$or directmappedarvardcaches.
The areasare computedas a function of the averagememoryaccesdime (for the whole
cache/memoryystem)multiplied by the frequeng of the different accesstypes. The
Java benchmarkspendmostof theirmemoryaccesdime fetchingdata;the SPEC9Zuite
spendsmostof its memaoryaccesdime fetchinginstructions. The figuresalsoshav how
increasingcachesizedramaticallyreduceghe overalltime spentmakingmemoryaccesses.
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Figure5.11: Time spentaccessingnemorywith a directmappedHarvard cacheaveragedacross
the Javabenchmarks.
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Figure 5.12: Time spentaccessingnemorywith a direct mappedHarvard cachefor traditional
programs.
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For the Java benchmarkghe differenceis a large decreasen the numberof cyclesspent
fetchingdata.

5.3 Conclusions

With the exceptionof smallHarvard cachesappliedto Java programsHarvard cacheger
form betterthanunified caches.They provide a lower averagememoryaccesdime than
unified cachesbetterhiding thelateny of mainmemory

TheHarvard cacheexperimentshavedthatthekey to efficiently cachinglava programs
liesin efficiently cachingdataaccesseChapter6 will look at alternatve cacheconfigura-
tionsthattry to exploit the structurethe JVM specificatiorimposeson memory

Yet while Java programsspendthe majority of their memoryaccessesetrieving data,
cacheperformancecould outperformthat shovn whenservicingtraditional natively com-
piled programslike SPEC92. This is due to the small memoryfootprints madeby Java
programsthesefootprints are small enoughto fit within the datacache.Thus,evenwith
suchthe large numberof dataaccesseandthelower locality of referenceassociatedvith
dataaccessegjatacachesrestill very effective for Java programs.

Given that small instructioncachesperformvery well, especiallywhen cachingJava
programsthe needfor aninstructioncacheequalin sizeto the datacacheis questionable.
Thechip realestatecould be putto betteruse,possiblyhelpingimprove dataaccesgime.



Chapter 6

New Cachesfor Increased
Performance

“Il' faut cultiver notre jardin”
—Voltaire,Candide

n Chapter5 we saw thatJava programshave a slower averagememoryaccesgime

thantraditionalnatively compiledprogramdor memoryhierarchiegontaininguni-

fied or Harvard caches Herewe explore alternatve cachingconfigurationghatre-

flecttheinternalmemorystructureéimposedby the JVM specification.Specifically
threenew cacheswill beconsidered:

RegisterCache: A tiny, fast,eight-way associatie cachethat senesasa databuffer be-
tweenthe CPU andthe main cachehierarchy(muchlik e the registerbankon areal
machine).

Stack Cache: A smalldirectmappedcachethatbuffersthetop of operandstacks.

Constant Cache: A smalldirectmappedcachethatholdsconstanpool accesses.

Theseaddresghe consequencesf the lack of registers,theimportanceof accesset
the top of operandstacks,andthe importanceof constantpool accesseggespectiely. All
experimentalresultsare an averageacrossthe benchmarkslescribedn Chapter4. The
averageis unweighted,consideringall of the programsas equally important. Complete
resultsfor the individual benchmarksare givenin AppendixD. We have not hadtime to
thoroughlyanalyzethis data;we includeit in theappendixfor completeness.

Eachcacheconfigurationwe presentin this chaptemwill beaccompaniethy aschematic
key in the magin to aid in distinguishingthe differentcachetopologies. Figure6.1is a
large versionof this schematicwith labelsaccompaying eachcachetype. The magin
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Stack Cache

CPU
Constant Cache

Register Cache

Unified/Harvard Cache

Figure6.1: Samplecachetopologyschematicwithout dataflow arrows. Whenthelarge cacheis
usedasa Harvard cachea line representinghe data/instructiorsplit is added.Otherwise the large
cacheis aunifiedcache.
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schematicausearrowns indicating the flow of datafrom the CPU to the different caches
containedn the configuration.

A briefword onterminology While thehybrid cachesarecomprisedf multiple caches
and bestdescribedas configurations the transparennatureof cachedets us think of a
configurationasa unit. Oftenwe refer to the whole of a cacheconfigurationasa single
cacheentity. For example,a UNIREG configurationmight alsobereferredto asa UNIREG
cache.This follows the precedentf Harvard cacheswhich arecomprisedof a datacache
andaninstructioncacheyetthoughtof asa singlecache.

6.1 RegisterCache

The JVM specificationavoids referringto machinespecificregistersto maintainplatform
independent.As a result, no datais storedin registerson the physicalmachine. What
if somedata,however, were storedin registers? How doesthe lack of registershurt the
memoryaccesdime?

Adding a small, eight-way LRU associatie cacheis an attemptat approximatingthe
resourcegrovided by registers. While the cachewill not be as efficient as the register
mappingperformedby compilers,makingthe cacheeight-way associatie with LRU tries
to ensurethatthe line replaceds thatwhich is leastlikely to be accessedh the nearfu-
ture. Sincecachegslo not usuallysene the purposeof containingregisterscratchspacewe
have little experiencesvaluatingtheir effectivenessn this role. This makescomparingthe
cachingresultsof stack-basedrchitecturesvith registerarchitectureslifficult.

6.1.1 Isolated RegisterCache

We now considetheappropriatesizeof aregistercacheprregisterbuffer (wewill usethese
termsinterchangeably)Sincethe registerbuffer simulatesegisterresourcegor the JVM,
thelateny of theregistercacheis oneclock cycle. Thisis consistentvith thetime needed
to accesgegisterson real machinesandis appropriategiven the hardware compleity of
sucha buffer. Becausdheregisterbuffer simulatesegisters,only dataaccessearepassed
to the buffer; thereforethis hardwareis notinvolved with theinstructionstream.

Registerbuffersfrom 64to 512bytesweretested A line sizeof eightbyteswasselected
to be consistentwith the size of registers. The isolatedregister buffer usesa write back,
write fetch policy to simulateregisterbehaior. Whena registervalue changesthe nev
valueis not immediatelyupdatedn memory;instead,memoryis updatedvhenthe value
is temporarilydonebeingused. On writes the registerbuffer only writes backto the next
level of memorywhenadirty line is replaced.

We useawrite fetchpolicy whenhandlingwrite missesThis keepshehottestmemory
addresse the register cache,at the expenseof occasionallyswappingin datathat is

kD
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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 increaseshe registerbuffer’'s missrate by
about2%.

AverageRegister CacheMiss 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

Frequeng: 70.22%

Table6.1: Miss ratesandaccesgimesfor anaverageof Jasza benchmarksThe accesgime is the
averageaccesgime of a machineusingjustaregistercache(in cycles). Thefrequeng givenis the
percentagef total memoryaccessepassedo thecache.

Table 6.1 lists the missratesfor differentsizedregister buffers. The effectivenessof
sucha smallcacheat capturingthe working setof dataaccessess impressie. A 512 byte
cachehasa missrateof only onein sevenaccessesTable6.1 alsolists the percentag®f
accessemadeto the cache(the percentof memoryaccessemadeto fetchdata).

For all remainingexperimentsthat employ a register buffer, the cacheis a 256 byte
cachet A write through,write aroundpolicy is usedinsteadof write back,write fetch; this
policy is consistentvith any downstreancaches.

i
K
6.1.2 Unified Cacheand RegisterBuffer (UNIREG) %D

Table 6.2 lists the miss ratesfor a cacheconfigurationcomprisedof a 256 byte register
buffer andavariablesizedunifiedcache Dataaccessearefirst passedo theregisterbuffer.
If the requestediatais notin the buffer, it thenforwardsthe requesto the unified cache.
Sincetheregisterbuffer hasawrite throughupdatepolicy, ary changego theregistercache
arealsomadeto the unified cache.The unified cacheis inclusve: it containsall the data
heldin theregistercache.Instructionaccessebypasgheregisterbuffer andgo directly to
the unified cache.For easycomparisorthe missratesfor a unified cachearealsoincluded
in Table6.2. The averagememoryaccesgimes are listed for a unified cachewith and
without a registerbuffer. Theformulausedto calculatethe accesgimesfor this UNIREG
configurationaregivenin Figure6.2.

1if we did notlimit the numberof experimentsby usinga singleregistercachesize,we'd still begathering
data. The 256 byte cacheis reasonablysizedin view of currentregisterresourcesFor the samereasonstack
andconstantachedor hybrid cacheconfigurationsarea setsize.
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UNIREG CacheMiss Ratesand AccessTimes

Register+ Unified Unified
Unified Size | register | unified Time unified Time
(KB) miss % miss % (cycles) miss % (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: Missratesandaverageaccessimesfor aunifiedcacheaugmenteavith a 256 bytewrite

through,write aroundregisterbuffer. Eight-way associatie unified cacheaccesgimesslowverthan
the correspondinglirectmappedcachetimesareitalicized. The two rightmostcolumnsreproduce
theresultsfrom Table5.7
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Method for Calculating Memory AccessTime for UNIREG Caches

Teyces = lratio X (TLe + UnmissX Tmem
+Dratio X (Treg + RmissX (2TL1 +Umiss X Tmem)
where
Teyces = averagememoryaccesgimein cycles
T.1 = timeneededo accessilevel onecacheonahit
Ty = timeneededo accessregister
Tnem = timeneededo accesgnainmemory
lraio = ratioof instructionaccesset total numberof accesses
Diaio = ratioof dataaccesse® total numberof accesses
Umiss = unifiedcachemissrate
Rniss = registerbuffer missrate

Figure6.2: Methodfor calculatingaveragememoryaccesgimein cyclesfor UNIREG caches.

The additionof a registerbuffer causeshe missratefor the unified cacheto dramati-
cally increase.The registercache“steals” the highestlocality datareferences.The write
throughpolicy grantsthe unified cacheall of thelocality of the datawrites. However, only
occasionabatareadsarerequestedrom the unified cache. Otherwise the registercache
doesnot needto refertherequesto theunifiedcache.

At the sametime, the averagememoryaccesdime improves with the addition of a
registercache.Therearetwo causedor this improvement. First, eventhoughthe unified
cachehasa highermissrate,thatmissrateonly affectsregistercachemisseqonly oneout
of every four dataaccesses)r whenthe accesss aninstruction. Thus,theimportanceof
theunifiedcaches greatlyreduced Missingtheregistercachantroducesheoverheadost
associateavith lookingin theregistercache.Secondthe penaltyfor accessingheregister
cacheon acachehit is only oneclock cycle.

As afinal point, theregistercachemissrateis higherthanthatshavn for the samesize
cachean Table6.1. Thecacheusedto obtaintheresultsn Table6.1hasthebenefitof afetch
backwrite misspolicy. Thisis especiallyimportantfor the stackaccessethatalwayswrite
to thetop of the stackbeforereadingfrom it. We have nothadtimeto furtherinvestigateghe
impactof differentwrite policieson cacheperformanceandaveragememoryaccessime 2

20ur calculationsfor cacheperformanceandaveragememoryaccessime alsodo not considerthe lateny
associatedvith alwayswriting a value backto main memoryfor write throughcaches.The oversightis an
intentionalsimplification; werewe to accountfor the time neededo write backto memoryfor write through
cachesye would needto treatissuesof datahazardencounteredia rapid successionsef readsandwritesto
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6.1.3 Harvard Cacheand RegisterBuffer (HARREG)

Theimpactof addinga registerbuffer to a Harvard configurationcanbe seenin Table6.3.
Thesizecolumngivestheindividual sizesfor eachof theinstructionanddatacachesThus,
thetotal cachesizefor thelisted 1K entryis 2K: 1K datacacheand 1K instructioncache.
The HARREG cacheconfigurationis just like the UNIREG configurationexceptthat the
cachebehindtheregistercacheno longerservicesnstructionaccesseslhoseaccesseare
relegatedto a dedicatednstructioncache.

Deprived of instructionaccesseandhigh locality dataaccesseghe datacachehasa
much higher miss rate than either the datacachefrom the Harvard configurationor the
unified cachefrom the UNIREG configuration. Comparedo a Harvard cache,the direct
mappedHARREG cachehasa missratetwice aslarge; the eight-way associatie HARREG
cachehasa missratethreetimesaslarge. On the otherhand,the datacachewasaccessed
lessfrequentlythanthosecachesA simpleexamplemalesthis obvious. Theregisterbuffer
in the HARREG cachehasa missrateof roughly 26%. In otherwords,26% of theaccesses
it sees(70% of all memoryaccessesarerequestedrom the datacache—26%x 70% =
18.2%. Therefore the 49% missratefor the 1K datacacheis only a performanceoncern
18%of thetime.

The addition of a register cacheamplifiesthe effect of increasingthe size of the data
cachethemissrateimprovementis greaterfor registerbuffereddatacachesHowever, the
missrate decreaseausedby anincreasein datacachesize proportional to the previous
sizes missrateis roughly equalwith andwithout a registerbuffer. Theinstructioncacheis
entirelyunafectedby the additionof a registerbuffer.

As with the UNIREG configurationthe averagememoryaccesgime with theinclusion
of a register cacheis shorterthanthe accesdime without the register cache. Figure 6.3
shavs theformulausedin calculatingthesetimes. Note thatthe only time the missrate of
the datacacheis a considerations whenthe registercachedoesnot containthe requested
dataaccess.

Method for Calculating Memory AccessTime for HARREG Caches

Teyces = lratio X (TLl + Imiss X Tmena +
Dratio (Treg + Rmiss X (TLl + Dmissx Tmenb)
where
Imiss = instructioncachemissrate
Dnmiss = datacachemissrate

Figure6.3: Methodfor calculatingaveragememoryaccessime in cyclesfor HARREG caches.

thesameaddress.
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HARREG CacheMiss Ratesand AccessTimes
Register+ Harvard Harvard
Instruction, | register | instr. data Time instr. data Time
Data Size| miss% miss % miss % (cycles) miss % miss % (cycles)
(KB)
Direct 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% 457 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

Table 6.3: Miss ratesand averageaccesgimesfor a Harvard cacheaugmentedvith a 256 byte
write through,write aroundregisterbuffer. The sizelisted is the sizefor the instructionanddata
cachesndividually. Eight-way associatie datacacheaccesgimesslower 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 averagememoryaccesdime of both
unified andHarvard cachesparticularlywith small direct mappedcaches.As the size of
the cachesncreaseshe absolutamprovementfrom aregisterbuffer is reduced Figure6.4
shawvsthistrendfor directmappedtachegtheHanardandHARREG plotsfor 2K areentries
listedas1K in Table6.3 sincethe graphshavs thetotal sizefor eachcacheconfiguration).
Figure 6.4 also plots the averageaccesdimes for unified and Harvard cachesservicing
traditionalnatively compiledprograms.

12
Unireg/Harreg Performance
10 & —e— unified
—o— Harvard
8 —<-Unireg

—©—Harvard (trad)

Time (cycles)

—-Harreg
3 G&\Q ~o-unified (trad)

2 4 8 16 32 64 128
Cache Size (Kilobytes)

Figure6.4: Comparisorof UNIREG/HARREG with UNIFIED/HARVARD andtraditional UNIFIED
andHARVARD results.Timesarefor directmappedcachesThefilled in pointsarefor Javza bench-
marks;theoutlinedpointsarefor SPEC92benchmarks.

Threefactsarerevealedby Figure6.4. Adding a registerbuffer to a unified cachede-
creaseshe accesgime to the point wherea UNIREG cacheis fasterthana Harvard cache
for all the cachesizestested. This is somavhat surprisinggiven the decidedadwantagea
Harvardcachehasoveraunifiedcachebothfor traditionalprogramsandfor Javaprograms.
It underscorethe fundamentatifferencebetweernthe memoryprofile for a Java program
andthe memoryprofile for a traditional compiledprogram,as summarizedy the 30/70
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Java MemoryRule A traditional programmalkes 75% of its memoryaccesseso fetch
instructions.lsolatinginstructionsin a separateeachehasa large impacton performance.
Javaprogramsgpntheotherhand,only make 3/100f theirmemoryaccesseto fetchinstruc-
tions. The benefitsfrom a dedicatednstructioncachearelessobvious. An optimization
to improve the averagedataaccesgdime, like addinga registerbuffer, givesa performance
boost.

Secondthe HARREG configurationonly performsbetterthanthe UNIREG cachefor
cachesl6K andlarger, andperformsworsefor caches<8K. Again, this pointsto the fact
thatdataacces®ptimizationsaremoreimportantthaninstructionaccessnodificationsfor
the memoryperformancef Java programs.Moving high locality instructionaccessesto
aseparateachds notmorebeneficiathanaddingaregisterbuffer whenthefastinstruction
accessedo notoffseta high datacachemissrate.

Third, the penaltyincurredby not having accesdo fastregisterresourcedy the JVM
is high. Keepingin mindthatthe SPEC92esultsimplicitly includedregisterscratchspace,
we getthe Fair Hardware Rule:

Fair Hardware Rule: Under equal hardware resourceslava programshave
fasteraveragememoryaccessethantraditionalnative programs.

UNIREG always hasa fasteraverageaccesdime thanthe traditional unified cache. For
>8K cacheHARREG is fasterthanthetraditionalHarvard cache.ThetraditionalHarvard
caches fasterfor cachesmallerthan8K.

6.2 StackCache

The operandstackis centralto the computationperformedby the JVM—it is the only
scratchspaceavailable to the executionengine. All (operand)stackaccessedshy defini-
tion, hit thetop of the stack. Chapter4 reportedthat Java programamnake 10-40%of their
memoryaccesseto thetop of the operandstack.Adding a smallstackcacheisolateshigh
locality stackaccesseandletsusexaminethelocality for therestof the dataaccesses.

6.2.1 Isolated Stack Cache

As with the register cachewe first look at the performanceof anisolatedstackcacheof
varioussizesto determinea goodsizeto usein the otherexperiments. Like the register
cachethe stackcachewasassignedan accesdateng of oneclock cycle. With the small
size of the cache this is realistic. The stackcacheis a write through,write arounddirect
mappedcachewith 8 bytesperline. Theline sizewaschosersuchthatline replacements
would notforcelarge portionsof the cacheout atonce.

Since stack accessesiways occur at the top of operandstacksand becauselaphar
(the JVM usedto collectour data—sed&Chapterd) placesall operandstackscontiguously

gk
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in memory the stack cachebehaes circularly. As spacerunsout in the cache(a rare
occurrenceaswe’ll seebelon) andthe top of the operandstackgrows incrementally the
line to replacewrapsaroundto the beginning of the cache.

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

Frequeng: 23.43%

Table6.4: Miss ratesandaccessimesfor anaverageof Jasa benchmarksThefrequeny givenis
the percentagef total memoryaccessepassedo the cache.

Table6.4 shavs the missrateandfrequeng for the stackcacheover anaverageof the
Java programsused. Even for the tiny 64 byte stackcachethe missrate was miniscule.
Most of the misseswere compulsorymisses. An examinationof the cachelogs shavs
thatfor 256 and512 byte cachesot all of the cachelines wereused. Table 6.5 lists the
maximumnumberof stackcachelinesusedby eachbenchmark.Most of the benchmarks
wereefficiently cached(in termsof their operandstackaccessesn 64 byte caches.This
resultis summarizedy the 25 < 64 Stak Rule:

25 < 64 Stak Rule: The 25% of memoryaccessemadeby Java programgo
operandstackscanbeefficiently cachedn 64 bytes.

Theincrediblylow stackcachemissrateindicatesthatstackaccessebave avery high
locality of reference.Therearethe obvious reasondor this locality: dataon the stackis
always written beforebeingread,and ary accesss always happeningat the currenttop
of the stack. However, asdiscussedn Chapter2 the JVM specificatiorrequiresthateach
methodhave its own operandstack. It is not difficult to imaginethatin the processof
changingfrom one methodinvocationto anotherthe top of the currently active operand
stackis arbitrarily distantin physicalmemoryfrom thelastcurrentlyactive operandstack.
Suchstackhoppingwould leadto extra compulsorymissessincenew memoryaddresses
would needto beloadedinto thecache.Thenumberof conflictmissesvould alsobehigher
sinceit is equallyprobablethatthe new stacktop mapsto afilled cachdine asthatthe new
stacktop mapsto anavailableline in thecache.

Thefactthatthe missrateis very low, thatnot all of thelines of large stackcachesare
used,andthatthe numberof compulsorymissesalwaysfalls shortof fifty is evidencethat
sucha problemdoesnot arisein Japhar As mentionedabore, Japhaimplementsoperand
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stackson a singlestack.Whena methodis invoked, a pointerto the bottomof the stackis
movedto theaddressabove the currenttop of the stack. Thetop of the stackthenbecomes
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 stackcachdinesusedby differentJasa benchmarks.

Sincenoneof the benchmarkdill the 256 byte stackcache we choseto usea 256 byte
directmappedcachefor all of the experimentshat calledfor a stackcache.This is small
enoughthataddingit to a chip would not be a majorcommitmentof chip real estate.

6.2.2 Unified Cacheand Stack Cache(STACKUNI)

Table6.6shavsthemissratesfor aunifiedcacheaugmentedtby astackcache.Thedramatic
increasean themissratefor theunifiedcachewvhenaregisterbuffer wasaddeds not present
whena stackcacheis added.The missratesfor the unified cacheareonly slightly higher
whena stackcacheis added.Sincestackaccessearea large portion of memoryaccesses
thisis notintuitive. Takinghighlocality referencesut of the unifiedcachenormallywould
decreas¢heefficiency of thatcache.

Two explanationsarepossible First, moving the stackaccessesut of theunifiedcache
malkesroom for otherhigh locality accessesuchasinstructions. More likely, the stack
accessesnly take up a small numberof bytesin a cache.In the unified cachethe stack
accessebkely werealwayscontainedwithin afew cachedines. Moving themout freedup
thoselinesto beusedby otheraccesseslhelossof high locality accessewasoffsetby the
additionof afew cachdinesthatweretypically loaded.

Secondthe stackcachedoesnot shieldthe unified cache nor doesthe unified cache
backupthe stackcache.Memory accesseareimmediatelydirectedtowardsonecacheor
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STACKUNI CacheMiss Ratesand AccessTimes

Stack + Unified Unified
Unified Size | stack unified Time unified Time
(KB) miss % miss % (cycles) miss % (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: Missratesandaverageaccessimesfor aunifiedcacheaugmentedvith a 256 bytedirect
mappedwrite through,write aroundstackcache.Eight-way associatie unified cacheaccesgimes
slowerthanthecorrespondinglirectmappedcachetimesareitalicized. Thetwo rightmostcolumns
reproduceheresultsfrom Table5.7.
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the other Whereaghe registercachefiltered all of the high locality datareferencegrom
theunifiedandHarvardcachest fronted,thestackcacheallows ary non-stackhighlocality
datareferenceshrough.

The averagememory accesgimes were calculatedusing the formula shaovn in Fig-
ure 6.5. Adding the stackcachemprovesthe accesdime, particularlyfor the smalleruni-
fied caches Eventhoughtheimprovementin numberof cyclesis lessfor eight-way asso-
ciative STACKUNI cachesasapercentagef theaccessime for aunifiedcache STACKUNI
cachedave a10%fasteraccesdime.

Method for Calculating Memory AccessTime for STACKUNI Caches
Teyces = lratio X (TLl +Umiss X Tmen) +

Satio X (Tstack + Shiss X Tmen“) +
(Dratio - Sratio) X (TLl + Umiss X TmenD

where
Saio = ratioof stackaccesse® total numberof accesses
Sniss = Stackcachemissrate
T¢ak = timeto accesshestackcache

Figure6.5: Methodfor calculatingaveragememoryaccessimein cyclesfor STACKUNI caches.

6.2.3 Harvard Cacheand Stack Cache(STACKHARVARD)

Adding a stackcacheto a Harvard cacheincreasedhe missrate for the datacache(see
Table6.7),muchmorethanthecorrespondinginifiedcachemissrateincreaseTheremoval
of stackaccessesnceinstructionaccessebhave alreadybeenmoved leavesthe datacache
with lesslocal memoryaccesses.

Method for Calculating Memory AccessTime for STACKHARVARD Caches
Teyces = lratio X (TLa + Imiss X Tmem +

Satio X (Tstack‘l‘ Shiss X Tmen) +
(Dratio - Sratio) X (TLl + Dmissx Tmen)

Figure 6.6: Methodfor calculatingaveragememoryaccesgime in cyclesfor STACKHARVARD
caches.

Figure 6.6 shavs theformula usedto calculatethe averagememaoryaccessimes. De-
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STACKHARVARD CacheMiss Ratesand AccessTimes
Stack + Harvard Harvard
Instruction, | stack instr. data Time instr. data Time
Data Size| miss% miss % miss % (cycles) miss % miss % (cycles)
(KB)
Direct 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

Table 6.7: Miss ratesand averageaccesgimesfor a Harvard cacheaugmentedvith a 256 byte
directmappednrite through,write aroundstackcache.Thesizelistedis thesizefor theinstruction
anddatacachesndividually. Eight-way associatie datacacheaccesgimesslower thanthe corre-
spondingdirectmappedachetime areitalicized. Thethreerightmostcolumnsreproduceaheresults

from Table5.7.
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spitethe higherdatacachemissrate,the additionof a stackcachereduceghe accessime
for all cachesizes.

6.2.4 Summary

Theinclusionof a stackcacheimprovesthe averagememoryaccesgime for both unified
and Hanard caches. Despitehaving the sameaccesdateny as the register buffer, the
additionof astackcachedoesnotresultin aslargeaperformancdoost. Thebenefitof the
stackcache with its extremelylow missrate,aretemperecby stackaccessesomprising
only 25%of total memoryaccessedn contrasttheregisterbuffer sees’0%of all memory
accessesits one cycle accesgime is usedmuch more frequently Although the register
buffer hasa muchhighermissrate, it is bacled up by a level one cache(unified or data).
The penaltyfor missingthe registerbuffer on a memoryaccesdss muchsmallerthanthe
penaltyfor missingthe stackcache.

Figure 6.7 compareghe performanceof unified and Harvard cacheswith eachother
whena stackcacheis used. As with unified andHarvard caches STACKUNI hasa faster
accesgimethanSTACKHARVARD whenthecachesizeis lessthan16K. For 16K andlarger
cacheghe separatiorof instructionsinto a dedicatectacheis worthwhile—supportinghe
16K InstructionRulepresentedn Chapters.

The STACKUNI cacheoutperformsthe Hanard cachefor cachessmallerthan 16K.
As with the register buffer, an optimizationfor dataaccessess more valuablethan an
optimizationfor instructionaccessesOncethe Harvard caches datacacheis larger than
8K (16K total Hanvard cachesize)it outperformshe STACKHARVARD cachesinceit then
hasthe spaceo hold the stackaccesseaswell asthe otherdataaccessewithouttoo much
conflict.

6.3 ConstantCache

Anywherefrom 2-11% of memoryaccessesit the JVM'’s constantpools. In additionto
storingconstantlatavaluesthesepoolscontainthelookuptablesfor methodsandinstance
variableoffsets. A constantpool in a classmay not be all that large for mostprograms,
andmight be efficiently bufferedin a small dedicateddirect mappedconstanicache.This
could createa relative locality of referenceamongstconstanipool accessesincemostof
the constandatawould bein thecache.

First we testeda constantcachein isolationto getan ideaof the locality of constant
accessesA constantachewasthenaddedo bothunifiedandHarvardcachedo determine
if ary performancédoostwasaddedoy isolatingconstanwalues.Thelateny of accessing
the constantcachewas setto two clock cycles sincethe cachesizesare larger than the
registerbuffer andstackcachesizes.Only constanpool dataaccessewererequestedrom
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Figure6.7: Comparisorof directmappedSTACKUNI and STACKHARVARD.
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the constantache.

6.3.1 Isolated ConstantCache

After somepreliminary experimentswe found that extremely small constantcacheswere
not performingwell. Thereforewe extendedheuppersizelimit onconstantachego 2K.
Thecachesveredirectmappedwith 16 bytecachdines. For thelargercaches3 byteswas
absurdlyshort; for the smallercaches32 byteswould have beenequallyridiculous. The
write policy usedwaswrite back,write fetch,a decisionthatdeseresanexplanation.

Constanipool datais only written to once,whenit is initialized. Therefore the choice
of whetheror not to usea write throughor write back policy is inconsequentialwrites
will beinfrequent.Write fetchis normally accompaniedby write back,sowrite backwas
choserover write through.

The write fetch write miss policy fetchesthe addressn memorywhenit is written
to. Sinceall of the accessedirectedto the constanicacheareconstan{pool accessesary
write, missor otherwisejs aninitialization write. Initialization frequentlyprecedesisage.
For example,whenthe JVM during the translationof a programfinds an unloadedclass
referencedit goesandloadsthe missingclass.Onceit is loadedexecutionproceedswith
usingthatclass.Similarly, thefirst time a methodis executedit needgo beresohed, that
is, initialized in the constantpool. Following on a write missthereis areasonablehance
that whatever wasjust initialized is going to be usedimmediately As such,fetchingthe
memoryvalueinto the constantachepreparedor thatpossibility

AverageConstant CacheMiss 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
Frequeng: 7.47%

Table6.8: Miss ratesandaccesgimesfor anaverageof Jasa benchmarksThe frequeng givenis
the percentagef total memoryaccessepassedo the cache.

Increasinghe cachesizefrom 64 bytesto 1024bytesmakesa big improvementin the
missrate of the cache(seeTable6.8). Moving from 1K to 2K doesnotyield sucha large
improvement. The experimentghatusea constanttacheusea 512 byte cacheidenticalto
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thatusedin theisolatedconstanicacheexperiment. The sizewaschosenso thatit would
alwaysbe smallerthanthe unifiedandHarvard cachesbeingaugmented.

The impact of the constantcacheon averagememoryaccesdime is limited by the
numberof constantpool accessemade. On average,only 7% of memoryaccessesccur
within a constanpool.

6.3.2 Unified Cacheand Constant Cache(CONSTUNI)

The missratesfor a unified cacheaugmentedy a constanttacheareshavn in Table6.9.
Like the addition of a stackcache,the missratesfor the unified cacheare virtually un-
changed. This is hardly surprisinggiven that constantaccessesnly make up 7% of all
memoryaccessesHowever, moving constanipool accessetd a separateacheimproves
thatis, reduceshe missrate for the unified cache. This indicatesthat constantaccesses
have particularlylow locality of referenceleadingusto the Constant_ocality Rule:

ConstantLocality Rule: Accessingconstanpool datahasextremelylow local-
ity of referencedueto infrequentuseof constantandthe division of constant
databy cl ass (eachcl ass hasits own constanpool).

Remoaring constantaiccesseffom the generalunified cachereducedcachepollution.

Figure6.8 givestheformulausedto calculatethe averagememoryaccessimesshavn.
The averagememoryaccesdimesfor the CONSTUNI cachesareinitially betterthanthe
unifiedcacheaccesdimes.However, astheunifiedcachencreases sizeandits missrate
decreasedghe relatively high missrate of the constantcachebecomesa handicaprather
thananadwantage Whentheunifiedcacheis 16K in size(8K for the eight-way associatie
unified cache) the accesdime is nearlyidenticalwith or without the constantcache.For
larger cachesthe unified cacheswithout the constantcachehave a slightly betteraccess
time. Table6.9 marksthesecaseswith a’™*'.

Method for Calculating Memory AccessTime for CONSTUNI Caches
Teyces = lratio X (TLl +Umiss X Tmen) +

Cratio X (TLl + Criss X Tmen) +
(Dratio - Cratio) X (TLl + Uniss X Tmen)

where
Craioc = ratioof constanpool accesseto total numberof accesses
Cmniss = constantachemissrate

Figure6.8: Methodfor calculatingaveragememoryaccesgimein cyclesfor CONSTUNI caches.

=l
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CONSTUNI CacheMiss Ratesand AccessTimes

Constant + Unified Unified
Unified Size| constant | unified Time unified Time
(KB) miss % miss % (cycles) miss % (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

Table 6.9: Miss ratesand averageaccesgimes for a unified cacheaugmentedvith a 512 byte
directmappedwrite back,write fetch constantcache. Eight-way associatie unified cacheaccess
times slower thanthe correspondinglirect mappedcachetimesareitalicized. The two rightmost
columnsreproduceheresultsfrom Table5.7. Cachesizesfor whichtheadditionof aconstantache
resultsin a slower accessime aremarkedby "*'.
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6.3.3 Harvard Cacheand Constant Cache(CONSTHARVARD)

Table6.10lists the missratesfor a Harvard cachewith andwithout a constantcache.Like
the CONSTUNI cachethe datacacheaugmentedy a constantcachehasa slightly better
missratethanthedatacachewithouttheconstantache.Theinstructioncachds unchanged
sinceit only recevesinstructionaccessesl heformulausedto calculatehe averageaccess
timeis givenin Figure6.9.

Method for Calculating Memory AccessTime for CONSTHARVARD Caches

Teyces = lratio X (TLl + Imiss ¥ Tmen“) +
Cratio X (TLl + Crniss X Tmen) +
(Dratio - Cratio) X (TLl + Dmissx Tmen)

Figure 6.9: Methodfor calculatingaveragememoryaccesgime in cyclesfor CONSTHARVARD
caches.

Theaveraganemaoryaccessimesalsobehae similarly asthey did with the CONSTUNI
cache.nitially, they arebetterfor the CONSTHARVARD cache.Thisis expected giventhat
the constantcachefilters somecachepollution out of the critical datacacheandthatthe
CONSTHARVARD cachehasa 512 byte size adwvantageover the Hanard cache. Larger
CONSTHARVARD cachesarepenalizedoy the high missrateof the constantachejeading
to anaccesgime slightly worsethanthatof the Harvard cache.

6.3.4 Summary

Figure6.10pictorially supportgsheobserationsmadeabove. An initial advantagegivenby
the constantaches eventuallya disadwantage While thecachesizeis lessthan8K, Con-
STUNI and CONSTHARVARD are fasterthan unified and Harvard caches. At sizeslarger
than8K unified andHarvard cacheswithout constanicachesarefaster The usefulnes®of
separatingut constanipool datainto a dedicatedcacheis questionableunlessthe cache
is larger thanthat usedin theseexperiments.However, allocatinga lot of precioushard-
wareresourceso a cachethatis only used7% of thetime is not worthwhile accordingto
Amdahls Law:

The performanceémprovementto be gainedfrom using somefastermodeof
executionis limited by thefractionof thetimethefastermodecanbeused26].

This principle wasfirst expressedoy Amdahlin a paperaddressinghe limits of parallel
computatior3].

CoNSTUNI andCONSTHARVARD cacheslo not quitefollow the 16K InstructionRule
thesizeatwhich separatingnstructionsbecomewaluableis 8K, not 16K. Thisis dueto the
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CONSTHARVARD CacheMiss Ratesand AccessTimes

Constant+ Harvard Harvard
Instruction, | constant | instr. data Time instr. data Time
Data Size| miss% miss % miss % (cycles) miss % miss % (cycles)
(KB)
Direct 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 ratesand averageaccesgsimesfor a Harvard cacheaugmentedvith a 512 byte
directmappedwrite back,write fetch constanttache.The sizelistedis the sizefor the instruction
anddatacachesndividually. Eight-way associatie datacacheaccesgsimesslower thanthe corre-
spondingdirectmappedachetime areitalicized. Thethreerightmostcolumnsreproduceheresults
from Table5.7. Cachesizesfor which the additionof a constantcacheresultsin a slower access
time aremarkedby *'.
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improved datacachemissrate (thanksto theremoval of constanipool accesseandcache
pollution).
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Figure6.10: Comparisorof CONSTUNI and CONSTHARVARD with UNIFIED andHARVARD (di-
rectmappedunifiedandHarvardcaches).

6.4 Mix and Match Caches:An Evaluation

This sectionlooks at the variouscombinationsof alternatve cachingconfigurations.Al-
thoughSection6.3 shaved that the constantcacheis not an improvementfor mediumto
large cachesit is includedasa possibilityin theseresultsfor completenessTheformulas
usedto calculatethe meanmemoryaccesgimesfor the variousconfigurationdollow the
principlesusedearlierin thechapterandaresummarizedn Figure6.11. Stackandregister
cachedave aonecycle lateng; all othercachesareassigned two cycle accessateng.

6.4.1 Unified, Stack,and Register Caches(STACKUNIREG)

Table6.11lists the missratesfor the cachesomprisingthe STACKUNIREG configuration.
As expectedthe missratesfor theregisterbuffer andfor the unified cachearehigherwith
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Formulas for Calculating Memory AccessTime for Hybrid Caches

CONSTHARREG

Tcycles

CONSTSTACKHARREG

Tcycles

CONSTSTACKHARVARD

Tcycles

CONSTSTACKUNI

Tcycles

CONSTUNIREG

Tcycles

STACKHARREG

Tcycles

STACKUNIREG

Tcycles

Figure6.11: Formulasfor calculatingaveragememoryaccessimein cyclesfor hybrid caches.

lratio X (TLl + Imiss X Tmerr) +
Cratio X (TLl + Crniss X Tmerr) +
(Dratio — Cratio) X (Trag + Rmiss X (TL1 + Dmiss X Tmem)

Iratio ¥ (TLl + Imiss ¥ Tmen) +
Cratio X (TLl + Crniss X Tmen) +
Satio X (Tstad< + Shiss X Tmenb +

(Dratio —Cratio — Sratio) X (Treg + Rmiss X (TLl + Dmissx Tmen))

Iratio X (TL1+ ImissX Tmem +

Cratio X (TL1 + Criss X Tmem +

Satio X (Teack + SmissX Tmem +

(Dratio — Cratio — Sratio) X (TL1 + DmissX Tmem

Iratio X (TL1 + UmissX Tmem +

Cratio X (TL1 + CrnissX Tmem) +

Satio X (Teack + SmissX Tmem +

(Dratio — Cratio — Sratio) X (TL1 +UmissX Tmem)

Iratio ¥ (TLl + Unmiss X Tmena +
Cratio X (TLl + Crniss X Tmen) +
(Dratio — Cratio) % (Trag + Rmiss X (2TL1 + Umiss X Tmem)

lratio X (TLl + Imiss X Tmerr) +
Satio X (Tstad< + Shiss X Tmerr) +
(Dratio — Sratio) X (Treg + Rmiss X (TL1 + Dmiss X Tmenm)

Iratio ¥ (TLl + Unmiss X Tmena +
Satio X (Tstad< + Shiss X Tmenb +
(Dratio - Sratio) X (Treg + Rmissx (TLl + Umiss X Tmen”
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the additionof a stackcache. The highly local stackaccessesignificantly contributed to
the hit rate of the datacachesandregistercaches.For purposesf comparisonthe access
timesfor STACKUNI andUNIREG cachesreincludedin Table6.11.

STACKUNIREG CacheMiss Ratesand AccessTimes

Stack + Register+ Unified Stack + | Register
Unified + Unified
Unified Size | stack register | unified Time (cycles)
(KB) miss % miss % miss %
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% 3534% 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% 3537% 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: Missratesandaverageaccessimesfor aunifiedcacheaugmenteavith aregisterbuffer
anda stackcache.Eight-way associatie unified cacheaccessimesslower thanthe corresponding
directmappedcachetimesareitalicized. The two rightmostcolumnssummarizethe resultsfrom
Tables6.6and6.2.

The addition of a register cachesignificantly improves cacheperformancecompared
to the STACKUNIFIED configuration. This is not surprisinggiven the performanceboost
addedby a registerbuffer. Comparedo the UNIREG cachethe STACKUNIREG cacheis
faster As the sizeof the cachesnvolved increasesthe differencedecreasesFor a 128K
directmappedUNIREG cache,addinga stackcacheonly shares0.05 clock cyclesoff of
theaveragememoryaccessime. Theeight-way associatie UNIREG cacheexperienceshe
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improvementslovdown at 16K.

6.4.2 Harvard, Stack,and Register Caches(STACKHARREG)

The effects of addinga stackcacheto a register buffered Harvard cachecan be seenin
Table6.12. As with the STACKUNIREG cachetheregistercachemissratejumpsto roughly
35% with the additionof a stackcache. Deprived of both stackaccesseandinstruction
accesseghe datacachebackingup the registerbuffer hasvery high missrates,especially
for smallcaches.

Comparedo the STACKHARVARD cachethe STACKHARREG cachehasasignificantly
fasteraccesgime. Thisis notthe casewhencomparedo the HARREG cache.For almost
all cachesizesthe HARREG cacheperformsbetterthana STACKHARREG cache(marked
by '*' in Table6.12). Giventhat boththe stackcacheandthe registercachehave access
timesof onecycle, it is surprisingthatthe additionof a stackcacheslows dowvn theaccess
time.

A possibleexplanationis that by isolatingstackaccesseandincreasinghe missrate
of theregistercacheandthedatacache STACKHARREG gainsstackaccesperformancet
the expenseof otherdataaccesspeed.STACKUNIREG doesnot suffer this problemsince
the hit rateof the unified caches helpedby theinclusionof instructionaccesses.

6.4.3 Unified, Constant,and Register Caches(CONSTUNIREG)

Table6.13lists theresultsobtainedwhena constantcachewasaddedto a UNIREG cache.
Separatinghe constanipool accessefom the dataaccessesentto theregistercacheim-
provesthe missratefor theregisterbuffer andfor the unified cache(althoughtheimprove-
mentfor the unified cacheis small; seeTable 6.2). This supportsthe ConstantLocality
Rule Sinceconstantpool accessesomprise7% of all memoryaccessesheseaccesses
have low temporallocality comparedo the whole pool of memoryaccesseslsolatingthe
constantaccesseeemovescachepollution from theregisterbuffer.

Averagememoryaccesgimesarealsobetterfor the CONSTUNIREG cachethaneither
the CONSTUNI cacheor the UNIREG cache—forsmall unified caches. Direct mapped
UNIREG cachedargerthan4K performbetterthansimilarly sizedCONSTUNIREG caches.
The performanceof the unified and register cachesin CONSTUNIREG are aidedby the
removal of constanipool accessedhowever, the constanicachehasa missrateover 10%.
Whentheregisterandunifiedcachesreyielding afastaverageaccessime, theasymptotic
time for the whole configurationis determinedy the high missrate (andconsequenhigh
averageaccesgime) of the constantache.

=1
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STACKHARREG CacheMiss Ratesand AccessTimes

Stack + Register+ Harvard Stack + | Register
Harvard | + Har-
vard
Instruction, | stack register | instr. data Time (cycles)
Data Size | miss% miss % miss % miss %
(KB)
Direct 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% 297% *2.14 2.29 2.07

Table6.12: Miss ratesand averageaccesdimesfor a Harvard cacheaugmentedvith a register
buffer anda stackcache. Eight-way associatie Harvard cacheaccesdimes slower thanthe cor
respondingdirect mappedcachetimes areitalicized. The two rightmostcolumnssummarizethe
resultsfrom Tables6.7 and6.3. WhereSTACKHARREG hasa slower accessime thanHARREG the
time is markedwith a™*'.
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CONSTUNIREG CacheMiss Ratesand AccessTimes

Constant + Register+ Unified Constant | Register
+ Unified | + Unified
Unified Size | constant | register | unified Time (cycles)
(KB) miss % miss % miss %
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 averageaccesgimesfor a unified cacheaugmentedwith a register
buffer anda constantache.Eight-way associatie unified cacheaccesgimesslower thanthe cor
respondingdirect mappedcachetimes areitalicized. The two rightmostcolumnssummarizethe
resultsfrom Tables6.9 and6.2. WhereCONSTUNIREG hasa slower accesgime than UNIREG the
time is markedwith a™*'.
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6.4.4 Harvard, Constant,and Register Caches(CONSTHARREG)

Addingaconstantacheo aHARREG cachehadthesameeffectasaddingaconstantache
to aUNIREG cache.Table6.14shavs thattheregisterbuffer andthedatacachehave lower
miss rateswith the addition of a constantcache. The removal of constantaccessefom
thesecacheseducesachepollution.

For smallcacheghe additionof a constantachemprovesthe averagememoryaccess
time. As the size of the datacacheincreasesandthe performanceof the datacacheim-
proves,however, the averageaccessime is moreandmoreimpactedby the high missrate
of theconstantache.ForlargecachesheHARREG cacheoutperformghe CONSTHARREG
cache.

6.4.5 Unified, Constant,and Stack Caches(CONSTSTACKUNI)

The CONSTSTACKUNI cacheconsiderghe effect of non-reisterauxiliary caches.If very
simple cachesare desired,the eight-way associatiity of the registerbuffer might be un-
desirable. Table 6.15 shaws the resultsfor the cachecomparedwith the CoNSTUNI and
STACKUNI cachesReferringbackto Tables6.6 and6.9we seethatthe CONSTSTACKUNI
configurations unifiedcachehasamissratebetweerthatof the CONSTUNI andSTACKUNI
configurations As with the othercacheconfigurationsontaininga constantache thelow
locality constanticcesseareisolated removing cachepollution from the unified cache.
Theaccessimesfor the CONSTSTACKUNI cachearefasterthantheaccessimesfor the
ConNsTuNI cachefor all cachesizes.Comparedo the STACKUNI cachethe accesgimes
arefasterfor smallerunified caches.Again we seethatthe high missrate of the constant
cachecomesto dominatethe accesgime for the configurationfor large unifiedcaches.

6.4.6 Harvard, Constant,and Stack Caches(CONSTSTACKHARVARD)

As with the CONSTSTACKUNI experimentthe CONSTSTACKHARVARD experimentdoes
not usearegisterbuffer to improve datamemoryaccessesComparingTables6.7 and6.10
to Table 6.16 we seethat the combinationof a constantcacheand a stackcacheresults
in a datacachemiss rate betweenthat of a CONSTHARVARD datacachemiss rate and
STACKHARVARD datacachemissrate.

The CONSTSTACKHARVARD cachehasa betteraveragememoryaccesdime thanthe
CONSTHARVARD cachefor all cachesizes.For smallcachegshe CONSTSTACKHARVARD
cachehasafasteraccessimethanthe STACKHARVARD cachefor largercacheshe STACK -
HARVARD cachehasaslightly fasteraccesdime.

U

e




CHAPTER6. NEW CACHESFORINCREASEDPERFORMANCE 96

CONSTHARREG CacheMiss Ratesand AccessTimes

Constant+ Register+ Harvard Const + | Register
Harvard | + Har-
vard
Instruction, | stack register | instr. data Time (cycles)
Data Size| miss% miss % miss % miss %
(KB)
Direct 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

Table 6.14: Miss ratesand averageaccesdimesfor a Harvard cacheaugmentedvith a register
buffer and a constantcache. Eight-way associatie Harvard cacheaccesgimes slower than the
correspondinglirectmappeccachetimesareitalicized. The two rightmostcolumnssummarizehe
resultsfrom Tables6.10and6.3. Where CONSTHARREG hasa slower accesgime than HARREG
thetime is markedwith a™'.
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Constant + Stack + Unified Stack + | Constant
Unified + Unified
Unified Size | stack constant | unified Time (cycles)
(KB) miss % miss % miss %
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 ratesand averageaccesgsimesfor a unified cacheaugmenteavith a stackcache
anda constantache Eight-way associatie unified cacheaccessimesslower thanthe correspond-
ing directmappedachetimesareitalicized. Thetwo rightmostcolumnssummarizeéheresultsfrom
Tables6.6 and6.9. Where CONSTSTACKUNI hasa slower accesgime than STACKUNI thetime is
markedwith a’*",
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Constant+ Stack + Harvard Const + | Stack +
Harvard | Harvard
Instruction, | stack constant | instr. data Time (cycles)
Data Size| miss% miss % miss % miss %
(KB)
Direct 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% 257% *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 Associatve Harvard Cache
1| <0.00% 10.76% 057% 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 averageaccesgimes for a Harvard cacheaugmentedwith a stack
cacheand a constantcache. Eight-way associatie Harvard cacheaccesgimes slower than the
correspondinglirectmappeccachetimesareitalicized. The two rightmostcolumnssummarizehe
resultsfrom Tables6.7 and6.10. Where CONSTSTACKHARVARD hasa slower accesdime than
STACKHARVARD thetimeis markedwith a™'.
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6.4.7 Harvard, Constant,Stack,and RegisterCacheqCONSTSTACKHARREG)

For completenessTable 6.17 shavs the resultswhen simulating cacheperformancefor
a configurationwith all of the experimentalcachesaddedto a Harvard cache.The closest
comparableonfiguration@reCONSTHARREG, CONSTSTACKHARVARD, andSTACKHAR-
REG. Only thefastesbf thethree,STACKHARREG, wasincludedin Table6.17 (for space
reasons).

Themissratesfor theregisteranddatacachesareslightly betterthanthoselistedin Ta-
ble 6.12for STACKHARREG. Thisis furtherproof of the Constant_ocality Rule remaoving
constantaccesseBom theregisteranddatacachesmprovestheir missrates.

In termsof averagememoryaccesdimes, the CONSTSTACKHARREG cacheoutper
forms STACKHARREG for cachessmallerthan8K (4K for eight-way associatie CONST-
STACKHARREG). For cachedargerthan8K the CONSTSTACKHARREG cachehasaslightly
slower accessime thanthe STACKHARREG cache.

6.4.8 The Bottom Line

16
Hybrid Unified Caches Average Access Time
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Figure6.12: Comparisorof averagememoryaccessimesfor unified cachevariations.
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CONSTSTACKHARREG CacheMiss Ratesand AccessTimes

Constant+ Stack + Register+ Harvard | STACKHARREG
Instruction, | constant | stack register | instr. data Time (cycles)
Data Size| miss% miss% | miss% miss% | miss%
(KB)
Direct 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 Associatve 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: Missratesandaverageaccessimesfor aHarvardcacheaugmentedavith a stackcache,
a constantcache,and a registerbuffer. Eight-way associatie Harvard cacheaccesdimes slower
thanthe correspondinglirectmappeccachetimesareitalicized. Therightmostcolumnsummarizes
theresultsfrom Tables6.12for STACKHARREG, the bestperformingof the closestconfigurations.
Where CONSTSTACKHARREG hasa slower accesgime than STACKHARREG the time is marked
with a™*".
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Figure6.12 shavs the averageaccesdimesfor all of the unified cachehybrid config-
urations. From the graphwe canseethat the mostsignificantcacheenhancementomes
from addingaregisterbuffer. Also, althoughthe CONSTSTACKUNI cacheis fasterthanthe
STACKUNI cachefor small cachesizes,the STACKUNI cacheis slightly fasterfor caches
largerthan16K. Theadditionof a constantacheis only beneficialfor smallcachesizes.

12
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Figure6.13: Comparisorof averagememoryaccessimesfor Harvardcachevariations.

Figure6.13makesananalogousomparisorof accessimesfor all of theHarvardcache
hybrids. Again, the addition of a registerbuffer makesthe mostsignificantimprovement.
The CONSTSTACKHARVARD cacheatlarge cachesizesis oneof theslowestcacheconfigu-
rations.Interestinglyaddingaregisterbuffer (HARREG) obviatesary otherauxiliary cache
for all Harvard cachedargerthan2K. Thelone additionof stackcache(STACKHARVARD)
yieldsaccesdimesnearlyasfastasthe additionof just a registerbuffer.

6.5 Conclusions

The additionof specializedauxiliary datacachesanimprove the averagememoryaccess
times of both unified and Harvard caches particularly at small cachesizes. Theseextra
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cachesdo not have to be very large to make a noticeabledifference. A 256 byte stack
cachefor example,hasamissratelessthan0.00007%.

Adding a constantcacheto captureconstanipool accessehlelpsto remove cachepol-
lution from eithera unified or a datacache. The resultingreducedmiss ratesfor these
cachedeadsto the ConstantLocality Rule Unfortunately this separatioronly improves
averageaccesgime whenthe unified anddatacachesarerelatively smallanddo not have
anextremelylow missrate. Thehigh missrateof theconstantachedominatesaccesdime
whenunified anddatacachesarelarge enoughto have very low missrates. The benefits
gainedfrom dedicatinga 512K constantcachewhen cachesizesare small is unlikely to
improve performancenorethanusingthe sameamountof spaceo increasehe sizeof the
unified/datacache Perhapsf the constantlatacouldbe prefetchednto the constantache
the missrate for the cachewould decreaseenoughto justify addinga constantcacheto
configurationgontaininglarge unified or large datacaches.

The stackcachewith its very low missrateimprovesaccesgime for cacheconfigura-
tionsof all sizes.Most of the programswe ransupportedhe 25 < 64 Stadk Rule the 25%
of memoryaccessemadeto operandstackscanbeefficiently cachedn a 64 byte cache.

Whenboth a stackcacheanda registerbuffer areadded however, theimprovementis
very small. Much of theinitial gain associatedvith addinga registerbuffer comesfrom
cachingstackaccessem theregisterbuffer. Thus,astackcacheandaregistercacheoverlap
somein the performancebenefitthey canprovide to a cachinghierarchy STACKUNIREG
performsslightly betterthanUNIREG; STACKHARREG performsslightly worsethanHAR-
REG.

With the lateny timesusedin our experimentshe registerbuffer madethe mostdra-
matic improvementto averageaccesdimes despitehaving the worst missrate of all the
addedcaches.Thelack of registersavailableto the JVM is clearly a seriousperformance
handicap.Wereregisterresourcesvailableto the JVM, the Fair Hardware Ruletells us
that Java programscould be asfastastraditionalnatively compiledprogramsn accessing
memorydespitethe 30/70JavaMemoryRule



Chapter 7

Conclusions

the benefitsof hardware supportfor the Java runtime ervironment. Assuming

the continuedpopularityof Java, hardware componentgo supportJava (partic-
ularly asadditionsto Java native platforms)would be justifiable. We have looked at how
effectively currentcachetopologiescapturethe actve working setof Java programsand
comparedthis performanceo that of traditional compiledprograms(representedyy the
SPEC92benchmarksuite). Understandinghe performancealiscrepang requiredthatwe
look atthe memoryprofile of Java programs.The subdvision of datamemoryby the JVM
specificationed usto examinethe possiblebenefitsof addingconstantregister andstack
caches.

After reviewing ourconclusionsve addresshedifficultiesof addingspecializecaches

in Section7.2. Section7.3 briefly discusse$iow this work appliesto language®therthan
Java. We concludewith possiblefuturework in Section7.4.

’W ery little of the researchto improve the performanceof JVM's hasconsidered

7.1 Summary

Firstwe looked at the personalityof the Java Virtual machinearchitecturén Chapter3—a
personalitysignificantlydifferentfrom thatof registerbasednachinesCompactytecode,
a powerful instructionset,andsupportof objectorientedprogrammingcombineso cause
a muchhigherratio of dataaccesseso memoryaccessef Java programsthanin tradi-
tional compiledprograms.Dataaccessebave lower locality of referencethaninstruction
accesses;zhangingthe proportionof datato instructionaccesseposesa challengeto the
effectivenessf caching.

Next in Chapterd4 we investigatedhe opcodeand memoryprofile for Java programs.
Tracingthe executedopcodesandthe memoryaccessethey causefor the SPECIJVM98
benchmarksuite anda Java implementatiorof linpack revealsthat not all opcodescause
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equalnumberof memoryaccessedn particular MEM_LOAD, MEM _STORE,CALL _RET,
andNEW_OBJ opcodesaccountfor morethantheir shareof memoryaccessesMost op-
codescausdghe JVM to make multiple memoryaccesseseadingto the 30/70JavaMemory
Rule

Chapter5 looked at the performanceof 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 InstructionRRule.
Unfortunately the software JVM's usedtodaydo not make useof theinstructioncacheand
areeffectively servicedby a unifiedcachehalf the sizeof whatit couldbe.

The division of memoryby the JVM specificationinto heapmemory stackmemory
andconstanpool memorysenesasanentrypointto examiningthe datamemoryprofile of
Java programs.Dueto usingan operandstackasscratchspace(in the absencef machine
registers),the setof dataaccessebase a much higherlocality as nearly a quarterof all
memoryaccessetamgetthetop of this stack.

In Chapter6 we consideredhe effects of addingsmall specializedcacheso capture
stackand constantpool accesses Additionally, a small cachewas usedto simulatethe
effect of makingregistersavailableto the JVM. Constanpool accessewerefoundto have
very low locality of referencdConstant_ocality Rulg, makingthe effectivenessf asmall
constantachemaiginal.

The stackcachesuccessfullycapturedstackaccessesvith greaterthan 99% hit rate.
Our experimentsawith stackcachessupportthe 24 < 64 Stadk Rule avery small (64 byte)
cachecanefficiently cachethe 24% of memoryaccessethatare madeto operandstacks.
Adding a smalldedicatedstackcachethatcouldbe usedby the JVM would bebeneficialto
JVM performanceespeciallyif thelateny of the cachecouldbekeptlow.

Adding aregisterbuffer madethe mostsignificantimprovementin theaveragememory
accesgime for Java programs.The vastimprovementunderscoreshe effect of depriving
the JVM of registerresources.If a way could be found to simulateregistersfor a JVM
performancecould only beimproved. Indeed,addinga registerbuffer to unified and Har-
vardcachegieldedaccessimescompetitve with cacheaccessimesfor the SPEC9ZXuite
(which hadaccesdo registerresources)Thisis summarizedy the Fair Hardware Rule

7.2 Difficulties of Adding SpecializedCaches

Cacheshave alwaysbeentransparenarchitecturafeatures An executinguserprogramthat
requestsa valuefrom memoryhasno ideaof whetheror not a cachesits betweerthe CPU
and main memory Suchan abstractiorhasalways beenbeneficialin thatit reduceshe
complity of writing userprograms.

The difficulty in providing specializedcachesfor a userprogramsuchas a software
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implemented]VM is thatthe JVM doesnot know if the specializedcacheexists; manip-
ulating cachess not feasiblewith this model. On the otherhand, machineregistersare
architecturafeaturego which instructionsetsgrantaccessWith modificationsaninstruc-
tion setcould allow a userprogramto enablespecializedcaches. Specifyingthe correct
cachecould be an explicit or implicit action. Explicitly, instructionscould exist to send
accesseto a given cache.Alternatively, the cacheto usecouldbe determinedyy a couple
of bitsin theinstruction. Accesscould be grantedimplicitly by requiringthataccesdo a
particularcacheis basednthe memoryaddressFor example,afterenablinga stackcache
ary memoryaddresghatfell within acertainrangewould belookedfor in the stackcache.
This is no differentthanthe job compilersdo today of sggmentingmemorybasedon the
type of valuesstored.Sucha segmentationwvould be easyto supportin hardware.

Java natwve platformsdo not suffer this handicap.A hardware JVM chip knows what
cacheresourcesre available and can easily direct Jasa memoryaccesseso the correct
cache.

Ultimately, addingnew cachesupportrequiresarchitecturalchanges.In additionto
potentiallyalteringaninstructionsetto make cachegisible, spaceneedgo beallocatedon
the chip for thesespecializeccachesSuchalterationsareneithercheapnor quickto malke.

7.3 Applicability Outside of Java

After beingintroducedin 1995 Java hasgrown in popularity to be one of the prevalent
programmindanguage®f thetime. However, it is still ayounglanguagewith along way
to go beforeit maturesout of the fad stage. While Java may disappeainto the annalsof
extinct languagesthe work presentecherecanbe appliedto languageghat tamget stack
machinesapartfrom Java.

7.4 FutureWork

All of thedatapresentedn this work wascollectedusinganinterpreter Now alook needs
to be taken at just-in-time compilersand how they interactwith memory Additionally,
the supportingprogramsthat run while a JVM executesa Java programusethe cachesas
muchastheJava program.For softwareJVM’s this meanghattheinstructionsconstituting
the JVM are cachedin the instructioncache. For JIT JVM'’s the processcompiling Java
bytecodeo native machinecodearecachedn theinstructioncache.Likewise, bothkinds
of JVM'’s causedatavaluesto be storedin the datacache. The competitionbetweenthe
JVM programandthe Java programfor the cacheresource®f the physicalmachineis an
areathatneeddo beinvestigateeforethe large stepof addingspecializeccachesanbe
takenwith confidence.
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Both software and hardware JVM's garbagecollect memory This processcertainly
causegnultiple memoryaccessesWork remainsto be doneto determinethe locality of
referenceof theseaccessesnderdifferentgarbagecollectionschemesandhow theseac-
cessesffecttheefficiency of cachinglava programs.



Appendix A

Rulesof Thumb

1. Amdahls Law: The performancémprovementto be gainedfrom usingsomefaster
mode of executionis limited by the fraction of the time the fastermode can be
used[26].

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

3. 2:1 CacheRule: The missrateof a direct-mappedacheof sizeN is aboutthe same
asatwo-way set-associate cacheof sizeN /2 [26].

4. Fair Hardware Rule: Under equal hardware resourceslava programshave faster
averagememoryaccessethantraditionalnative programqChapter6).

5. 30/70JavaMemoryRuleWhereadraditionalcompiledprogramsiemonstrata75/25
instructionto datamemoryaccessatio, Java programdgollow a 30/70instructionto
datamemoryaccessatio (Chapterd).

6. 25< 64 Stak Rule: The25%o0f memoryaccessesiadeby Java programgo operand
stackscanbe efficiently cachedn 64 bytes(Chapter6).

7. 16K Instruction Rule: For the averageJava programusing direct mappedcaches,
separatingnstructionsinto a separateacheis only worthwhilewhenthetotal cache
sizeis 16K or greater(Chapters).

8. ConstantLocality Rule: Accessingconstantpool datahasextremely low locality
of referencedueto infrequentuseof constantsandthe division of constantdataby
cl ass (eachcl ass hasits own constanpool) (Chapterb).
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Benchmark Distrib utions

Total Memory AccessCounts

Benchmark | Total Memory Accesses PercentlLogged
compress 87,595,582,237 0.133%
db 26,361,174,579 0.442%
jack 24,231,330,92¢ 0.481%
javac Not Available Unknaowvn
jess Not Available Unknaowvn
linpack 5,220,886,98(Q 2.232%
mpegaudio 74,293,366,14( 0.157%
mtrt Not Available Unknown

Table B.1: Benchmarkghat abnormallyterminateddid not recordthe total numberof memory
accessemade;their countsarelisted asNot Available. Theright columngivesthe percentagef
thememoryaccessethatwaslogged,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 D21, D2L, DADD, DCMPG, DCMPL, DDIV,
DMUL, DNEG, DREM, DSUB, F2D, F2I, F2L, FADD,
FCMPG, FCMPL, FDIV, FMUL, FNEG, FREM, FSUB,
12B, 12C, 12D, I2F, I12L, 12S,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,
IFJICMPEQ, IFIICMPNE, IF_ICMPLT, IF_ICMPGE,
IFJICMPGT, IF_JICMPLE, 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*, FCONSTX*,
ICONST*, LCONST*, LDC, LDC.W, LDC2.W, SI-
PUSH

MISC_STACK

DUPR, DUP_*, DUP2,DUP2*, POR POP2SWAP

NEW_OBJ

ANEWARRAY, MULTIANEWARRAY, NEW, NEWAR-
RAY

OTHER

ARRAYLENGTH, ATHROW, CHECKCAST, IN-
STANCEOF MONITORENTER,MONITOREXIT, NOR,
WIDE
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Table B.2: Jara opcodeclassifications. A * indicatesmultiple opcodesof the sametype with
differentimplied integerarguments.
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compress: Distrib utions
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Type OpcodeDist. Mem. AccessDist. Mem/

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]

Table B.3: Opcodeand memoryaccesdlistributionsfor the compress benchmarkclassifiedby

opcodetypes.

db: Distrib utions

Type OpcodeDist. Mem. AccessDist. Mem/

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\

Table B.4: Opcodeand memoryaccesdlistributionsfor the db benchmarkglassifiedoy opcode

types.
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Enpt y: Distrib utions
Type OpcodeDist. Mem. AccessDist. Mem/
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: Opcodeandmemoryaccesglistributionsfor the anemptyJava program classifiedby

opcodetypes.

jack: Distributions

Type OpcodeDist. Mem. AccessDist. Mem/

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: Opcodeandmemoryaccesdlistributionsfor the jack benchmarkglassifiedoy opcode

types.
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javac: Distrib utions
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Type OpcodeDist. Mem. AccessDist. Mem/

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: Opcodeandmemoryaccesslistributionsfor thejavac benchmarkglassifiedoy opcode

types.

jess: Distrib utions

Type OpcodeDist. Mem. AccessDist. Mem/

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: Opcodeandmemoryaccesdlistributionsfor thejess benchmarkglassifiedby opcode

types.
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linpack: Distrib utions

Type OpcodeDist. Mem. AccessDist. Mem/

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 1511 0.01% 4.09% 4,089 0.00% 2.17%| 271

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: Opcodeand memoryaccesdlistributionsfor the linpack benchmarkglassifiedby op-
codetypes.

mpegaudio: Distrib utions

Type OpcodeDist. Mem. AccessDist. Mem/

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 5269 0.03% 0.25%| 424,769 0.36% 1.16%| 80.62
OTHER 16,422 0.10% 0.42%| 158704 0.14% 051%| 9.66
[ TOTAL | 17,867,920 | 116,508,000 [ 6.52]

TableB.10: Opcodeandmemoryaccesslistributionsfor the mpegaudio benchmarkglassifiedby
opcodetypes.
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mtrt: Distrib utions
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Type OpcodeDist. Mem. AccessDist. Mem/

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: Opcodeandmemoryaccesslistributionsfor the mtrt benchmarkglassifiedoy opcode

types.
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Unifled and Harvard CacheResults

Direct 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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Direct 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%
41 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%

Table C.2: Split cachemissratesfor compress anddb. The listed sizesarefor both the
instructionanddatacaches.
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Direct 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 andjavac. The listed sizesare for both the
instructionanddatacaches.
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Direct 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%
41 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%

Table C.4: Split cachemissratesfor jess andlinpack. The listed sizesare for both the
instructionanddatacaches.
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Direct 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%
41 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. The listed sizesarefor boththe
instructionanddatacaches.
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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.Cachesizesaregivenin bytes. Eachcache
line is 8 bytes;awrite back,write fetchpolicy wasusedwith LRU replacementOnly dataaccesses
werecached.

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

Direct 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: Constanttachemissratesby benchmark.Cachesizesaregivenin bytes. Eachcache
line is 16 bytes;awrite back,write fetchpolicy wasused.Only constanpool accessewerecached.
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TableD.5: compress Hybrid CacheResults
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| Size(KB) | const%

stack %

reg% | instr %

data% | Time (cycles)]

CONSTHARREG: Direct Mapped
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 Associatve
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: Direct Mapped
1| 10.76% n/a nfa| 0.19% 25.54% 11.00
2| 10.76% n/a nfa| 0.18% 15.98% 7.82
4| 10.76% n/a n/a| 0.03% 9.91% 5.78
8| 10.76% n/a na| 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% 281
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 Associatve
1| 10.76% n/a nfa| 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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| 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: Direct Mapped
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 Associatve
1| 10.76% <0.00% 39.69%| 0.01% 53.71% 7.71
2| 10.76% <0.00% 39.74%| <0.00% 25.02% 491
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% 281
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: Direct Mapped
1| 10.76% <0.00% nfa| 0.19% 34.42% 9.69
2| 10.76% <0.00% nfa| 0.18% 21.79% 6.97
4| 10.76% <0.00% nfa| 0.03% 15.23% 5.54
8| 10.76% <0.00% nfa| 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 Associatve

1| 10.76% <0.00% nfa| 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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| 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 na 4.04% 4.48
16| 10.76% <0.00% n/a na 2.48% 3.96
32| 10.76% <0.00% n/a nfa 1.07% 3.48
64| 10.76% <0.00% n/a n/a 0.83% 3.40
128 | 10.76% <0.00% n/a nfa 0.73% 3.36
CONSTSTACKUNI: Eight-way Associatve
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 na 4.38% 5.24
8| 10.76% <0.00% n/a nfa 1.48% 4.12
16| 10.76% <0.00% n/a n/a 0.93% 3.91
32| 10.76% <0.00% n/a nfa 0.77% 3.85
64| 10.76% <0.00% n/a nfa 0.70% 3.82
128 | 10.76% <0.00% n/a n‘a 0.62% 3.80
CONSTUNI: Direct Mapped
1| 10.76% n/a n/a nfa 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 nfa 3.01% 5.19
16| 10.76% n/a n/a nfa 1.85% 4.66
32| 10.76% n/a n/a n/a 0.80% 4.18
64| 10.76% n/a n/a nfa 0.62% 4.10
128 | 10.76% n/a n/a n‘a 0.54% 4.07
CONSTUNI: Eight-way Associatve
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 CacheResultscontinued

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

4| 10.76% n/a n/a na 3.29% 6.06
8| 10.76% n/a n/a nfa 1.10% 4.92
16| 10.76% n/a n/a nfa 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% na 4.71% 3.60
16| 10.76% n/a 28.36% nfa 2.77% 3.18
32| 10.76% n/a 28.36% nfa 1.45% 2.89
64 | 10.76% n/a 28.36% nfa 1.05% 2.81
128 | 10.76% n/a 28.36% nfa 0.91% 2.78
CONSTUNIREG: Eight-way Associatve
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% na 5.61% 4.33
8| 10.76% n/a 28.36% nfa 1.96% 3.43
16| 10.76% n/a 28.36% na 1.34% 3.27
32| 10.76% n/a 28.36% nfa 0.99% 3.19
64 | 10.76% n/a 28.36% nfa 0.92% 3.17
128 | 10.76% n/a 28.36% nfa 0.79% 3.14
HARREG: Direct Mapped
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 Associatve

continuedon next page
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| 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: Direct Mapped
1 nfa <0.00% 42.71%| 0.19% 58.91% 8.28
2 nfa <0.00% 42.85%| 0.18% 43.10% 6.53
4 n/a <0.00% 42.85%| 0.03% 31.92% 5.26
8 nfa <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 Associatve
1 nfa <0.00% 42.69%| 0.01% 54.31% 8.83
2 nfa <0.00% 42.85%| <0.00% 28.46% 5.56
4 nfa <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: Direct Mapped

1 n/fa <0.00% nfa| 0.19% 33.93% 10.64
2 n/a <0.00% nfa| 0.18% 22.74% 7.72
4 n/fa <0.00% nfa| 0.03% 17.09% 6.23
8 n/a <0.00% nfa| 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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| 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 Associatve
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 nfa <0.00% n/a| <0.00% 4.81% 3.44
8 n/a <0.00% nfa| <0.00% 1.79% 2.55
16 n/a <0.00% nfa| <0.00% 1.26% 2.39
32 n/a <0.00% nfa| <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 nfa 27.26% 13.25
2 n/a <0.00% n/a nfa 17.66% 9.58
4 n/a <0.00% n/a nfa 12.43% 7.57
8 n/a <0.00% n/a nfa 6.62% 5.35
16 n/a <0.00% n/a nfa 3.97% 4.33
32 nfa <0.00% n/a nfa 1.32% 3.32
64 n/a <0.00% n/a nfa 1.10% 3.23
128 n/a <0.00% n/a n‘a 0.66% 3.06
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a nfa 21.28% 12.50
2 n/a <0.00% n/a nfa 12.04% 8.46
4 n/a <0.00% n/a nfa 4.76% 5.28
8 n/a <0.00% n/a nfa 1.43% 3.83
16 nfa <0.00% n/a nfa 0.88% 3.59
32 nfa <0.00% n/a nfa 0.74% 3.53
64 n/a <0.00% n/a nfa 0.62% 3.47
128 n/a <0.00% n/a nfa 0.56% 3.45
STACKUNIREG: Direct Mapped

1 nfa <0.00% 42.71% n/a 33.41% 9.94
2 nfa <0.00% 42.85% nfa 24.22% 7.81
4 nfa <0.00% 42.85% n/a 16.83% 6.08
8 nfa <0.00% 42.85% n‘a 9.68% 4.40
16 nfa <0.00% 42.85% nfa 5.73% 3.48

continuedon next page
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 n/a <0.00% 42.85% na 2.12% 2.63
64 nfa <0.00% 42.85% na 1.76% 2.55
128 nfa <0.00% 42.85% n‘a 1.06% 2.39
STACKUNIREG: Eight-way Associatve
1 n‘a <0.00% 42.66% n/a 30.57% 10.57
2 n/a <0.00% 42.85% nfa 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 nfa <0.00% 42.85% na 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% nfa 39.01% 11.50
2 n/a n/a 30.89% nfa 30.03% 9.35
4 n/a n/a 30.89% nfa 14.18% 5.57
8 n/a n/a 30.89% nfa 8.19% 4.13
16 n/a n/a 30.89% n‘a 4.93% 3.36
32 n/a n/a 30.89% na 1.81% 2.61
64 n/a n/a 30.89% n‘a 1.44% 2.52
128 n/a n/a 30.89% na 0.87% 2.39
UNIREG: Eight-way Associatve

1 n/a n/a 30.78% nfa 35.60% 12.16
2 n/a n/a 30.89% nfa 22.48% 8.60
4 n/a n/a 30.89% nfa 6.45% 4.24
8 n/a n/a 30.89% nfa 2.05% 3.04
16 n/a n/a 30.89% na 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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| Size(KB) | const%

stack %

reg% | instr %

data% | Time (cycles)]

CONSTHARREG: Direct Mapped
1| 23.85% n/a 14.44%| 0.41% 49.08% 4.21
2| 23.85% nfa 14.32%| 0.41% 20.95% 2.90
4| 23.85% nfa 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 Associatve
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: Direct Mapped
1| 23.85% n/a nfa| 0.41% 16.33% 7.61
2| 23.85% n/a nfa| 041% 9.24% 5.35
4| 23.85% n/a nfa| 0.34% 5.10% 4.01
8| 23.85% n/a nfa| 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 Associatve
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
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| 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: Direct Mapped
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 Associatve
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: Direct Mapped
1| 23.85% <0.00% nfa| 0.41% 20.50% 6.04
2| 23.85% <0.00% nfa| 0.41% 14.75% 4.94
4| 23.85% <0.00% na| 0.34% 8.19% 3.68
8| 23.85% <0.00% nfa| 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 Associatve

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

16| 23.85% <0.00% n/a| <0.00% 2.53% 291
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 na 5.99% 4.97
8| 23.85% <0.00% n/a na 3.52% 4.09
16| 23.85% <0.00% n/a na 2.54% 3.74
32| 23.85% <0.00% n/a na 1.84% 3.49
64| 23.85% <0.00% n/a na 1.47% 3.36
128 | 23.85% <0.00% n/a nfa 1.39% 3.33
CONSTSTACKUNI: Eight-way Associatve
1| 23.85% <0.00% n/a na 9.10% 6.93
2| 23.85% <0.00% n/a n‘a 5.43% 5.43
4| 23.85% <0.00% n/a na 2.31% 4.17
8| 23.85% <0.00% n/a na 1.54% 3.85
16| 23.85% <0.00% n/a nfa 1.37% 3.78
32| 23.85% <0.00% n/a nfa 1.28% 3.75
64| 23.85% <0.00% n/a nfa 1.26% 3.74
128 | 23.85% <0.00% n/a na 1.23% 3.73
CONSTUNI: Direct Mapped
1| 23.85% n/a n/a n/a 16.04% 11.41
2| 23.85% n/a n/a nfa 11.17% 9.04
4| 23.85% n/a n/a n‘a 4.55% 5.82
8| 23.85% n/a n/a nfa 2.63% 4.88
16| 23.85% n/a n/a nfa 1.89% 452
32| 23.85% n/a n/a nfa 1.36% 4.27
64| 23.85% n/a n/a nfa 1.09% 413
128 | 23.85% n/a n/a n‘a 1.02% 4.10
CONSTUNI: Eight-way Associatve
1| 23.85% n/a n/a nfa 7.36% 8.19
2| 23.85% n/a n/a n‘a 4.38% 6.54
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
4| 23.85% n/a n/a na 1.73% 5.07
8| 23.85% n/a n/a n‘a 1.14% 4.74
16| 23.85% n/a n/a nfa 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% na 14.44% n/a 23.30% 7.02
2| 23.85% n/fa 14.32% n/fa 11.70% 454
4| 23.85% n/a 14.32% nfa 7.17% 3.58
8| 23.85% n/fa 14.32% na 4.22% 2.95
16| 23.85% n/a 14.32% na 3.12% 2.72
32| 23.85% n/a 14.32% nfa 2.29% 2.54
64| 23.85% na 14.32% n‘a 1.85% 2.45
128 | 23.85% na 14.32% na 1.76% 2.43
CONSTUNIREG: Eight-way Associatve
1| 23.85% n/a 14.33% nfa 21.73% 7.61
2| 23.85% n/a 14.32% n/a 15.06% 5.99
4| 23.85% n/fa 14.32% na 3.68% 3.23
8| 23.85% n/a 14.32% nfa 2.26% 2.89
16| 23.85% n/a 14.32% nfa 1.78% 2.77
32| 23.85% na 14.32% n‘a 1.66% 2.74
64| 23.85% na 14.32% na 1.60% 2.73
128 | 23.85% na 14.32% na 1.59% 2.73
HARREG: Direct Mapped
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 Associatve
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| 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: Direct Mapped
1 n/a <0.00% 23.68%| 0.41% 58.16% 4.40
2 nfa <0.00% 23.65%| 0.41% 46.04% 3.82
4 nfa <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 Associatve
1 nfa <0.00% 23.67%| <0.00% 54.14% 4.72
2 n/a <0.00% 23.65%| <0.00% 32.31% 3.52
4 nfa <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: Direct Mapped

1 n/fa <0.00% nfa| 0.41% 21.34% 6.16
2 n/a <0.00% nfa| 0.41% 15.93% 5.06
4 n/fa <0.00% nfa| 034% 9.32% 3.70
8 n/a <0.00% nfa| 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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| 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 Associatve
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 nfa <0.00% n/a| <0.00% 4.01% 2.92
8 n/a <0.00% nfa| <0.00% 2.74% 2.62
16 n/a <0.00% nfa| <0.00% 2.44% 2.55
32 n/a <0.00% nfa| <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 nfa 6.70% 5.04
8 n/a <0.00% n/a nfa 3.83% 3.98
16 n/a <0.00% n/a nfa 2.68% 3.55
32 nfa <0.00% n/a nfa 1.94% 3.28
64 n/a <0.00% n/a nfa 1.47% 3.10
128 n/a <0.00% n/a nfa 1.41% 3.08
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a n/a 10.24% 7.24
2 n/a <0.00% n/a nfa 6.29% 5.57
4 n/a <0.00% n/a nfa 2.72% 4.07
8 n/a <0.00% n/a nfa 1.60% 3.59
16 nfa <0.00% n/a nfa 1.36% 3.49
32 nfa <0.00% n/a nfa 1.30% 3.47
64 n/a <0.00% n/a nfa 1.24% 3.44
128 n/a <0.00% n/a n‘a 1.20% 3.42
STACKUNIREG: Direct Mapped

1 n/a <0.00% 23.68% nfa 18.42% 5.68
2 nfa <0.00% 23.65% n/a 15.53% 5.06
4 nfa <0.00% 23.65% n‘a 9.99% 3.87
8 nfa <0.00% 23.65% na 5.77% 2.96
16 nfa <0.00% 23.65% n‘a 4.18% 2.62
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 n/a <0.00% 23.65% nfa 3.09% 2.38
64 n/a <0.00% 23.65% nfa 2.41% 2.24
128 n/a <0.00% 23.65% nfa 2.34% 2.22
STACKUNIREG: Eight-way Associatve
1 nfa <0.00% 23.68% nfa 16.30% 5.96
2 n/a <0.00% 23.65% nfa 10.22% 4.47
4 n‘a <0.00% 23.65% nfa 4.54% 3.07
8 n/a <0.00% 23.65% nfa 2.69% 2.62
16 nfa <0.00% 23.65% nfa 2.28% 2.52
32 n/a <0.00% 23.65% nfa 2.16% 2.49
64 n/a <0.00% 23.65% nfa 2.12% 2.48
128 n/a <0.00% 23.65% nfa 2.01% 2.45
UNIREG: DirectMapped
1 n/a nfa 15.93% nfa 24.06% 7.05
2 n/a nfa 15.87% nfa 12.96% 4.60
4 n/a nfa 15.87% nfa 8.25% 3.57
8 n/a nfa 15.87% nfa 4.74% 2.80
16 n/a n/a 15.87% n‘a 3.41% 2.51
32 n/a n/a 15.87% na 2.51% 2.31
64 n/a n/a 15.87% na 1.87% 2.17
128 n/a n/a 15.87% n‘a 1.80% 2.15
UNIREG: Eight-way Associatve

1 n/a nfa 15.91% nfa 24.60% 8.17
2 n/a nfa 15.87% nfa 15.79% 5.96
4 n/a nfa 15.87% nfa 4.31% 3.08
8 n/a nfa 15.87% nfa 2.25% 2.57
16 n/a nfa 15.87% nfa 1.80% 2.45
32 n/a nfa 15.87% nfa 1.78% 2.45
64 n/a nfa 15.87% nfa 1.65% 2.42
128 n/a n/a 15.87% n‘a 1.64% 2.41
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| Size(KB) | const%

stack% reg% | instr % data% | Time (cycles)]

CONSTHARREG: Direct Mapped
1 4.98% nfa 11.69%| 0.98% 31.67% 3.10
2 4.98% n/a 11.69%| 0.66% 22.36% 2.70
4 4.98% nfa 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 Associatve
1 4.98% n/a 11.68%| 0.82% 46.30% 4.17
2 4.98% nfa 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: Direct Mapped
1 4.98% n/a nfa| 0.98% 20.59% 3.10
2 4.98% n/a nfa| 0.66% 14.36% 2.70
4 4.98% n/a nfa| 0.45% 11.47% 2.44
8 4.98% n/a na| 0.19% 6.43% 2.16
16 4.98% n/a nfa| 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 Associatve
1 4.98% n/a na| 0.83% 6.10% 417
2 4.98% n/a nfa| 0.36% 4.41% 3.21
4 4.98% n/a n/a| 0.08% 2.89% 2.63
8 4.98% n/a nfa| 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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| 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: Direct Mapped
1 498% <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
8 498% <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 Associatve
1 498% <0.00% 15.98%| 0.83% 54.19% 4.23
2 4.98% <0.00% 15.97%| 0.37% 40.52% 3.63
4 498% <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: Direct Mapped
1 4.98% <0.00% nfa| 0.98% 29.72% 8.61
2 4.98% <0.00% nfa| 0.66% 21.42% 6.76
4 4.98% <0.00% nfa| 0.45% 17.24% 5.83
8 4.98% <0.00% na| 0.19% 9.69% 4.16
16 4.98% <0.00% nfa| 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 Associatve

1 4.98% <0.00% na| 0.82% 8.87% 4.62
2 4.98% <0.00% na| 037% 6.49% 3.97
4 4.98% <0.00% nfa| 0.08% 4.33% 3.40
8 4.98% <0.00% nfa| 0.01% 2.68% 2.98
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| 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 na 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 nfa 7.06% 5.23
16 4.98% <0.00% n/a nfa 2.29% 3.65
32 4.98% <0.00% n/a nfa 1.26% 3.31
64 4.98% <0.00% n/a na 0.82% 3.17
128 | 4.98% <0.00% n/a n/a 0.50% 3.06
CONSTSTACKUNI: Eight-way Associatve
1 4.98% <0.00% n/a na 6.89% 5.90
2 4.98% <0.00% n/a na 5.18% 5.25
4 4.98% <0.00% n/a na 3.56% 4.64
8 4.98% <0.00% n/a nfa 2.30% 4.17
16 4.98% <0.00% n/a nfa 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 na 0.34% 3.43
CONSTUNI: Direct Mapped
1 4.98% n/a n/a n/a 30.69% 17.33
2 4.98% n/a n/a nfa 11.71% 8.84
4 4.98% n/a n/a nfa 9.27% 7.75
8 4.98% n/a n/a n‘a 5.31% 5.98
16 4.98% n/a n/a na 1.72% 4.37
32 4.98% n/a n/a nfa 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 Associatve
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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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
4 4.98% n/a n/a na 2.69% 5.48
8 4.98% n/a n/a nfa 1.73% 4.99
16 4.98% n/a n/a nfa 0.81% 452
32 4.98% n/a n/a n/a 0.40% 431
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% na 5.61% 2.76
16 4.98% n/a 11.69% nfa 3.75% 2.47
32 4.98% n/a 11.69% nfa 2.04% 2.21
64 4.98% n/a 11.69% nfa 1.30% 2.10
128 | 4.98% n/a 11.69% nfa 0.79% 2.03
CONSTUNIREG: Eight-way Associatve
1 4.98% n/a 11.68% nfa 24.70% 6.44
2 4.98% n/a 11.69% nfa 12.92% 4.40
4 4.98% n/a 11.69% na 7.85% 3.53
8 4.98% n/a 11.69% na 4.65% 2.97
16 4.98% n/a 11.69% nfa 2.06% 2.53
32 4.98% n/a 11.69% nfa 1.04% 2.35
64 4.98% n/a 11.69% nfa 0.61% 2.28
128 | 4.98% n/a 11.69% nfa 0.63% 2.28
HARREG: Direct Mapped
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 Associatve
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| 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: Direct Mapped
1 nfa <0.00% 17.36%| 0.98% 54.41% 4.08
2 nfa <0.00% 17.38%| 0.66% 43.14% 3.51
4 nfa <0.00% 17.38%| 0.45% 32.29% 2.98
8 nfa <0.00% 17.38%| 0.19% 22.23% 2.48
16 na <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 Associatve
1 nfa <0.00% 17.37%| 0.82% 49.74% 4.38
2 nfa <0.00% 17.38%| 0.37% 37.39% 3.66
4 nfa <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: Direct Mapped
1 n/fa <0.00% nfa| 0.98% 33.22% 10.85
2 n/a <0.00% nfa| 0.66% 26.41% 8.98
4 n/fa <0.00% nfa| 0.45% 21.25% 7.56
8 n/a <0.00% na| 0.19% 8.86% 4.18
16 n/a <0.00% nfa| 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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| 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 Associatve
1 n/a <0.00% nfa| 0.83% 8.64% 4.78
2 n/a <0.00% nfa| 0.36% 6.44% 4.04
4 nfa <0.00% nfa| 0.08% 4.45% 3.39
8 n/a <0.00% na| 0.01% 2.88% 2.90
16 n/a <0.00% nfa| <0.00% 1.34% 2.43
32 n/a <0.00% nfa| <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 nfa 19.72% 10.39
4 n/a <0.00% n/a nfa 15.82% 8.90
8 n/a <0.00% n/a nfa 6.86% 5.47
16 n/a <0.00% n/a nfa 2.57% 3.83
32 nfa <0.00% n/a nfa 1.44% 3.40
64 n/a <0.00% n/a nfa 0.95% 3.21
128 n/a <0.00% n/a n‘a 0.53% 3.05
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a nfa 7.38% 6.46
2 n/a <0.00% n/a nfa 5.28% 5.55
4 n/a <0.00% n/a nfa 3.78% 4.89
8 n/a <0.00% n/a nfa 2.54% 4.35
16 nfa <0.00% n/a nfa 1.29% 3.81
32 nfa <0.00% n/a nfa 0.61% 3.51
64 n/a <0.00% n/a nfa 0.39% 3.41
128 n/a <0.00% n/a n‘a 0.33% 3.39
STACKUNIREG: Direct Mapped

1 nfa <0.00% 17.36% n/a 18.49% 4,55
2 n‘a <0.00% 17.38% n/a 14.88% 3.97
4 nfa <0.00% 17.38% nfa 11.35% 3.41
8 nfa <0.00% 17.38% n‘a 8.01% 2.88
16 nfa <0.00% 17.38% n‘a 5.64% 2.50
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 nfa <0.00% 17.38% nfa 3.29% 2.12
64 nfa <0.00% 17.38% nfa 2.19% 1.95
128 nfa <0.00% 17.38% nfa 1.22% 1.80
STACKUNIREG: Eight-way Associatve
1 nfa <0.00% 17.37% nfa 16.97% 491
2 n/a <0.00% 17.38% nfa 13.18% 4.22
4 n‘a <0.00% 17.38% nfa 9.29% 3.51
8 n/a <0.00% 17.38% nfa 6.18% 2.95
16 n/a <0.00% 17.38% nfa 3.11% 2.39
32 nfa <0.00% 17.38% nfa 1.42% 2.08
64 nfa <0.00% 17.38% nfa 0.97% 2.00
128 nfa <0.00% 17.38% nfa 0.78% 1.97
UNIREG: DirectMapped
1 n/a nfa 15.44% nfa 38.86% 8.40
2 n/a nfa 15.45% nfa 12.55% 3.87
4 n/a n/a 15.45% nfa 9.58% 3.35
8 n/a nfa 15.45% nfa 6.29% 2.79
16 n/a n/a 15.45% n‘a 4.33% 2.45
32 n/a n/a 15.45% na 2.42% 2.12
64 n/a n/a 15.45% na 1.57% 1.97
128 n/a n/a 15.45% n‘a 0.88% 1.86
UNIREG: Eight-way Associatve

1 n/a nfa 15.44% nfa 27.59% 7.36
2 n/a nfa 15.45% nfa 13.44% 4.58
4 n/a nfa 15.45% nfa 9.11% 3.73
8 n/a n/a 15.45% nfa 5.13% 2.95
16 n/a n/a 15.45% nfa 2.49% 2.43
32 n/a n/a 15.45% nfa 1.08% 2.15
64 n/a nfa 15.45% nfa 0.81% 2.10
128 n/a n/a 15.45% n‘a 0.63% 2.07
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| Size(KB) | const%

stack% reg% | instr % data% | Time (cycles)]

CONSTHARREG: Direct Mapped
1| 16.99% nfa 27.67%| 2.08% 60.89% 6.28
2| 16.99% n/a 27.62%| 0.80% 49.08% 5.28
4| 16.99% nfa 27.62%| 0.58% 35.75% 4.49
8| 16.99% n/a 27.62%| 0.28% 14.64% 3.25
16| 16.99% na 27.62%| 0.11% 9.17% 291
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 Associatve
1| 16.99% nfa 27.46%| 1.47% 52.33% 6.41
2| 16.99% nfa 27.62%| 0.77% 27.33% 4.65
4| 16.99% nfa 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% nfa 27.62%| <0.00% 3.60% 2.94
64| 16.99% n/fa 27.62%| <0.00% 2.60% 2.87
128 | 16.99% n/a 27.62%| <0.00% 2.19% 2.85
CONSTHARVARD: Direct Mapped
1| 16.99% n/a nfa| 2.08% 27.03% 8.47
2| 16.99% n/a nfa| 0.80% 18.76% 6.49
41 16.99% n/a n/a| 0.58% 11.97% 5.08
8| 16.99% n/a nfa| 0.28% 6.17% 3.85
16| 16.99% n/a nfa| 0.11% 3.65% 3.31
32| 16.99% n/a n/a| 0.05% 2.86% 3.14
64 | 16.99% n/a na| 0.03% 1.88% 2.94
128 | 16.99% n/a nfa| 0.02% 1.27% 2.81
CONSTHARVARD: Eight-way Associatve
1| 16.99% n/a na| 1.47% 17.21% 7.25
2| 16.99% n/a na| 077% 9.29% 5.25
4| 16.99% n/a nfa| 0.33% 4.61% 4.05
8| 16.99% n/a na| 0.09% 2.89% 3.59
16| 16.99% n/a na| 0.01% 1.79% 3.32
32| 16.99% n/a n/a| <0.00% 1.32% 3.21
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| 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: Direct Mapped
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 Associatve
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: Direct Mapped
1| 16.99% <0.00% nfa| 2.08% 33.11% 7.65
2| 16.99% <0.00% n/a| 0.80% 22.82% 5.86
4| 16.99% <0.00% nfa| 0.58% 14.69% 4.66
8| 16.99% <0.00% nfa| 0.28% 8.19% 3.67
16| 16.99% <0.00% na| 0.11% 4.72% 3.13
32| 16.99% <0.00% nfa| 0.05% 3.68% 2.97
64| 16.99% <0.00% nfa| 0.03% 2.31% 2.77
128 | 16.99% <0.00% nfa| 0.02% 1.79% 2.70
CONSTSTACKHARVARD: Eight-way Associatve

1| 16.99% <0.00% nfa| 1.48% 22.98% 6.91
2| 16.99% <0.00% nfa| 0.77% 12.55% 5.03
4| 16.99% <0.00% nfa| 0.33% 6.38% 3.90
8| 16.99% <0.00% nfa| 0.09% 4.04% 3.46
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
16| 16.99% <0.00% na| 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 nfa 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 Associatve
1| 16.99% <0.00% n/a nfa 11.94% 9.00
2| 16.99% <0.00% n/a nfa 7.36% 6.86
4| 16.99% <0.00% n/a n‘a 3.65% 5.13
8| 16.99% <0.00% n/a na 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: Direct Mapped
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 nfa 7.36% 6.79
8| 16.99% n/a n/a n‘a 4.26% 5.34
16| 16.99% n/a n/a na 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 Associatve

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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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
4| 16.99% n/a n/a nfa 3.27% 5.56
8| 16.99% n/a n/a nfa 2.00% 4.88
16| 16.99% n/a n/a nfa 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% nfa 27.67% n/a 19.41% 8.89
2| 16.99% nfa 27.62% n/a 15.25% 7.54
4| 16.99% n/a 27.62% n/a 11.76% 6.41
8| 16.99% nfa 27.62% na 6.39% 4.67
16| 16.99% n/a 27.62% na 4.61% 4.09
32| 16.99% nfa 27.62% n‘a 3.53% 3.74
64 | 16.99% nfa 27.62% nfa 1.38% 3.04
128 | 16.99% n/a 27.62% nfa 0.93% 2.90
CONSTUNIREG: Eight-way Associatve
1| 16.99% n/a 27.50% nfa 17.41% 9.38
2| 16.99% n/a 27.62% n/a 10.82% 6.96
4| 16.99% nfa 27.62% na 5.36% 494
8| 16.99% n/a 27.62% na 3.25% 4.16
16| 16.99% nfa 27.62% nfa 1.72% 3.60
32| 16.99% nfa 27.62% nfa 1.09% 3.36
64 | 16.99% n/a 27.62% nfa 0.66% 3.20
128 | 16.99% nfa 27.62% nfa 0.59% 3.18
HARREG: Direct Mapped
1 n/a n/a 29.68%| 2.08% 59.39% 6.44
2 n/a nfa 29.75%| 0.80% 47.71% 5.30
4 n/a nfa 29.75%| 0.58% 34.36% 4.33
8 n/a nfa 29.75%| 0.28% 16.22% 3.00
16 n/a nfa 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 Associatve
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| 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 nfa 29.75%| 0.77% 31.78% 4.79
4 n/a nfa 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 nfa 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: Direct Mapped
1 n/a <0.00% 37.60%| 2.08% 61.25% 6.35
2 nfa <0.00% 37.71%| 0.80% 49.76% 5.26
4 nfa <0.00% 37.71%| 0.58% 34.08% 4.18
8 nfa <0.00% 37.71%| 0.28% 21.11% 3.25
16 na <0.00% 37.71%| 0.11% 12.85% 2.67
32 na <0.00% 37.71%| 0.05% 9.21% 241
64 n/a <0.00% 37.71%| 0.03% 6.22% 2.21
128 na <0.00% 37.71%| 0.02% 4.81% 2.12
STACKHARREG: Eight-way Associatve
1 nfa <0.00% 37.59%| 1.47% 59.56% 6.92
2 nfa <0.00% 37.71%| 0.77% 35.19% 491
4 nfa <0.00% 37.71%| 0.33% 18.79% 3.55
8 n/a <0.00% 37.71%| 0.09% 11.92% 2.97
16 na <0.00% 37.71%| 0.01% 6.98% 2.58
32 n/a <0.00% 37.71%| <0.00% 4.70% 2.40
64 nfa <0.00% 37.71%| <0.00% 3.75% 2.33
128 n/a <0.00% 37.71%| <0.00% 3.01% 2.28
STACKHARVARD: Direct Mapped

1 n/fa <0.00% nfa| 2.08% 33.03% 8.16
2 n/a <0.00% nfa| 0.80% 23.85% 6.23
4 n/fa <0.00% nfa| 0.58% 15.42% 4.71
8 n/a <0.00% nfa| 0.28% 8.84% 3.49
16 n/a <0.00% na| 0.11% 5.13% 2.80
32 n/a <0.00% nfa| 0.05% 3.62% 2.52
64 n/a <0.00% nfa| 0.03% 2.44% 2.31
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| 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 Associatve
1 n/a <0.00% nfa| 1.48% 25.54% 7.64
2 n/a <0.00% nfa| 0.77% 14.50% 5.25
4 nfa <0.00% na| 0.33% 7.51% 3.73
8 n/a <0.00% nfa| 0.09% 4.67% 3.10
16 n/a <0.00% na| 0.01% 2.73% 2.69
32 n/a <0.00% nfa| <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 nfa 8.30% 6.25
8 n/a <0.00% n/a nfa 5.12% 4.84
16 n/a <0.00% n/a nfa 3.34% 4.06
32 nfa <0.00% n/a nfa 2.08% 3.50
64 n/a <0.00% n/a nfa 1.21% 3.11
128 n/a <0.00% n/a n‘a 0.92% 2.98
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a nfa 13.62% 9.81
2 n/a <0.00% n/a nfa 9.06% 7.51
4 n/a <0.00% n/a nfa 4.61% 5.27
8 n/a <0.00% n/a nfa 2.80% 4.35
16 nfa <0.00% n/a nfa 1.55% 3.72
32 nfa <0.00% n/a nfa 0.90% 3.39
64 n/a <0.00% n/a nfa 0.61% 3.25
128 n/a <0.00% n/a n‘a 0.48% 3.18
STACKUNIREG: Direct Mapped

1 n/a <0.00% 37.58% nfa 16.71% 7.64
2 nfa <0.00% 37.71% nfa 13.62% 6.62
4 nfa <0.00% 37.71% na 9.67% 5.30
8 nfa <0.00% 37.71% n‘a 6.34% 4.18
16 nfa <0.00% 37.71% n‘a 4.32% 3.51
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 nfa <0.00% 37.71% na 2.72% 2.97
64 nfa <0.00% 37.71% n‘a 1.59% 2.59
128 nfa <0.00% 37.71% n‘a 1.20% 2.46
STACKUNIREG: Eight-way Associatve
1 n/a <0.00% 37.58% nfa 16.40% 8.60
2 nfa <0.00% 37.71% nfa 11.14% 6.60
4 nfa <0.00% 37.71% nfa 5.87% 4,59
8 nfa <0.00% 37.71% nfa 3.61% 3.73
16 nfa <0.00% 37.71% n‘a 2.04% 3.13
32 nfa <0.00% 37.71% na 1.17% 2.79
64 nfa <0.00% 37.71% n‘a 0.82% 2.66
128 nfa <0.00% 37.71% n‘a 0.63% 2.59
UNIREG: DirectMapped
1 n/a nfa 29.69% nfa 20.61% 9.05
2 n/a nfa 29.75% nfa 16.50% 7.66
4 n/a nfa 29.75% nfa 12.39% 6.28
8 n/a nfa 29.75% nfa 6.83% 4.39
16 n/a nfa 29.75% nfa 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% na 1.11% 2.46
UNIREG: Eight-way Associatve

1 n/a nfa 29.65% nfa 19.01% 9.70
2 n/a nfa 29.75% nfa 12.93% 7.36
4 n/a nfa 29.75% nfa 6.58% 4,92
8 n/a nfa 29.75% nfa 3.84% 3.86
16 n/a n/a 29.75% n‘a 2.09% 3.18
32 n/a n/a 29.75% na 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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| Size(KB) | const%

stack %

reg% | instr %

data% | Time (cycles)]

CONSTHARREG: Direct Mapped
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 Associatve
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: Direct Mapped
1| 13.72% n/a nfa| 2.25% 29.06% 12.58
2| 13.72% n/a nfa| 1.59% 18.81% 9.09
4| 13.72% n/a n/a| 0.63% 12.92% 7.02
8| 13.72% n/a na| 0.40% 7.07% 5.06
16| 13.72% n/a nfa| 0.19% 4.29% 4.11
32| 13.72% n/a n/a| 0.09% 2.30% 3.43
64 | 13.72% n/a nfa| 0.07% 1.46% 3.15
128 | 13.72% n/a nfa| 0.03% 0.90% 2.96
CONSTHARVARD: Eight-way Associatve
1| 13.72% n/a nfa| 1.08% 21.12% 11.17
2| 13.72% n/a nfa| 0.49% 11.98% 7.63
41 13.72% n/a nfa| 0.14% 5.71% 5.21
8| 13.72% n/a na| 0.04% 2.98% 4.17
16| 13.72% n/a na| 0.01% 1.61% 3.64
32| 13.72% n/a n/a| <0.00% 1.03% 3.42
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| 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: Direct Mapped
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 Associatve
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: Direct Mapped
1| 13.72% <0.00% nfa| 2.25% 34.70% 11.03
2| 13.72% <0.00% nfa| 1.59% 23.27% 8.22
4| 13.72% <0.00% nfa| 0.63% 15.57% 6.27
8| 13.72% <0.00% nfa| 0.40% 9.55% 4.80
16| 13.72% <0.00% nfa| 0.19% 5.83% 3.89
32| 13.72% <0.00% nfa| 0.09% 3.14% 3.23
64| 13.72% <0.00% nfa| 0.07% 2.02% 2.96
128 | 13.72% <0.00% nfa| 0.03% 1.25% 2.77
CONSTSTACKHARVARD: Eight-way Associatve

1| 13.72% <0.00% nfa| 1.08% 27.54% 10.47
2| 13.72% <0.00% nfa| 0.49% 15.86% 7.20
4| 13.72% <0.00% na| 0.14% 7.73% 4.94
8| 13.72% <0.00% nfa| 0.04% 4.06% 3.93

continuedon next page



APPENDIXD. HYBRID CACHE RESULTS

TableD.9: jess Hybrid CacheResults(continued

152

| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
16| 13.72% <0.00% nfa| 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 nfa 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 na 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 Associatve
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 na 1.77% 4.63
32| 13.72% <0.00% n/a n‘a 1.04% 4.33
64| 13.72% <0.00% n/a na 0.73% 421
128 | 13.72% <0.00% n/a n‘a 0.59% 4.15
CONSTUNI: Direct Mapped
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 nfa 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 na 2.27% 5.01
64| 13.72% n/a n/a na 1.28% 4.57
128 | 13.72% n/a n/a n‘a 0.75% 4.33
CONSTUNI: Eight-way Associatve

1| 13.72% n/a n/a nfa 18.72% 14.19
2| 13.72% n/a n/a n/a 10.93% 10.18
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| 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 nfa 2.76% 5.97
16| 13.72% n/a n/a nfa 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% nfa 42.34% 12.51
2| 13.72% n/a 32.28% nfa 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% nfa 3.64% 3.68
128 | 13.72% n/a 32.28% nfa 1.22% 3.13
CONSTUNIREG: Eight-way Associatve
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% nfa 9.77% 5.78
16| 13.72% n/a 32.28% n‘a 5.39% 4.65
32| 13.72% n/a 32.28% nfa 3.03% 4.04
64| 13.72% n/a 32.28% nfa 1.25% 3.58
128 | 13.72% n/a 32.28% nfa 0.78% 3.45
HARREG: Direct Mapped
1 n/a n/fa 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% 431
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 Associatve
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| 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: Direct Mapped
1 nfa <0.00% 44.70%| 2.25% 59.07% 9.60
2 nfa <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 Associatve
1 nfa <0.00% 44.72%| 1.07% 54.83% 10.17
2 nfa <0.00% 44.75%| 0.48% 35.48% 7.26
4 nfa <0.00% 44.75%| 0.14% 18.51% 4.73
8 na <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: Direct Mapped

1 n/fa <0.00% nfa| 2.25% 33.68% 11.75
2 n/a <0.00% nfa| 1.59% 23.24% 8.67
4 n/fa <0.00% nfa| 0.63% 16.01% 6.48
8 n/a <0.00% nfa| 0.40% 10.27% 4.81
16 n/a <0.00% na| 0.19% 6.25% 3.63
32 n/a <0.00% nfa| 0.09% 3.44% 2.81
64 n/a <0.00% nfa| 0.07% 2.11% 2.43
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| 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 Associatve
1 n/a <0.00% nfa| 1.08% 27.76% 11.30
2 n/a <0.00% nfa| 0.48% 16.90% 7.66
4 nfa <0.00% na| 0.14% 8.58% 4.89
8 n/a <0.00% nfa| 0.04% 4.47% 3.54
16 n/a <0.00% nfa| 0.01% 2.40% 2.85
32 n/a <0.00% nfa| <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 nfa 14.25% 8.76
8 n/a <0.00% n/a nfa 8.63% 6.47
16 n/a <0.00% n/a nfa 5.40% 5.16
32 nfa <0.00% n/a nfa 3.10% 4.22
64 n/a <0.00% n/a nfa 1.73% 3.67
128 n/a <0.00% n/a n‘a 1.02% 3.38
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a nfa 23.07% 14.08
2 n/a <0.00% n/a nfa 14.43% 10.07
4 n/a <0.00% n/a nfa 7.50% 6.86
8 n/a <0.00% n/a nfa 3.90% 5.18
16 nfa <0.00% n/a nfa 2.04% 4.32
32 nfa <0.00% n/a nfa 1.17% 3.92
64 n/a <0.00% n/a nfa 0.78% 3.74
128 n/a <0.00% n/a n‘a 0.62% 3.66
STACKUNIREG: Direct Mapped

1 n/a <0.00% 44.70% n/a 36.26% 11.27
2 nfa <0.00% 44.75% nfa 26.99% 8.97
4 nfa <0.00% 44.75% n/a 20.05% 7.25
8 nfa <0.00% 44.75% nfa 12.98% 5.49
16 nfa <0.00% 44.75% n‘a 8.32% 4.33
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 n/a <0.00% 44.75% na 4.73% 3.44
64 nfa <0.00% 44.75% na 2.72% 2.94
128 n/a <0.00% 44.75% na 1.63% 2.67
STACKUNIREG: Eight-way Associatve
1 nfa <0.00% 44.72% n/a 33.26% 11.99
2 n/a <0.00% 44.75% nfa 22.39% 8.92
4 n‘a <0.00% 44.75% nfa 11.96% 5.97
8 n‘a <0.00% 44.75% n‘a 6.29% 4.37
16 n/a <0.00% 44.75% na 3.31% 3.52
32 nfa <0.00% 44.75% n‘a 1.89% 3.12
64 nfa <0.00% 44.75% na 1.22% 2.93
128 nfa <0.00% 44.75% n‘a 1.02% 2.87
UNIREG: DirectMapped
1 n/a nfa 34.78% nfa 43.03% 13.15
2 n/a nfa 34.48% nfa 31.86% 10.28
4 n/a nfa 34.48% nfa 24.94% 8.55
8 n/a nfa 34.48% nfa 13.10% 5.58
16 n/a n‘a 34.48% na 7.33% 4.13
32 n/a n‘a 34.48% na 4.17% 3.34
64 n/a n‘a 34.48% na 2.33% 2.87
128 n/a n‘a 34.48% n‘a 1.39% 2.64
UNIREG: Eight-way Associatve

1 n/a nfa 34.54% nfa 38.07% 13.51
2 n/a nfa 34.48% nfa 26.83% 10.29
4 n/a nfa 34.48% nfa 14.05% 6.63
8 n/a nfa 34.48% nfa 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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| Size(KB) | const%

stack %

reg% | instr %

data% | Time (cycles)]

CONSTHARREG: Direct Mapped
1 0.22% nfa 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 Associatve
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: Direct Mapped
1 0.22% n/a nfa| 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 Associatve
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% 251
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| 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: Direct Mapped
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 Associatve
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: Direct Mapped
1 0.22% <0.00% nfa| 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 Associatve

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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| 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 na 9.79% 4.82
4 0.22% <0.00% n/a na 2.40% 2.86
8 0.22% <0.00% n/a na 1.48% 2.61
16 0.22% <0.00% n/a nfa 1.12% 2.51
32 0.22% <0.00% n/a n/a 0.88% 2.45
64 0.22% <0.00% n/a nfa 0.73% 2.41
128 | 0.22% <0.00% n/a nfa 0.72% 2.41
CONSTSTACKUNI: Eight-way Associatve
1 0.22% <0.00% n/a n/a 12.69% 6.37
2 0.22% <0.00% n/a na 2.75% 3.36
4 0.22% <0.00% n/a na 1.44% 2.96
8 0.22% <0.00% n/a nfa 1.19% 2.89
16 0.22% <0.00% n/a n/a 0.88% 2.79
32 0.22% <0.00% n/a nfa 0.72% 2.75
64 0.22% <0.00% n/a nfa 0.71% 2.74
128 | 0.22% <0.00% n/a nfa 0.70% 2.74
CONSTUNI: Direct Mapped
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 nfa 0.42% 3.59
128 0.22% n/a n/a n‘a 0.41% 3.59
CONSTUNI: Eight-way Associatve
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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| 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 nfa 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% nfa 17.39% 5.00
2 0.22% n/a 19.35% na 9.83% 3.64
4 0.22% n/a 19.35% na 2.40% 2.29
8 0.22% n/a 19.35% na 1.40% 2.11
16 0.22% n/a 19.35% nfa 1.04% 2.04
32 0.22% n/a 19.35% nfa 0.87% 2.01
64 0.22% n/a 19.35% nfa 0.68% 1.97
128 | 0.22% n/a 19.35% nfa 0.67% 1.97
CONSTUNIREG: Eight-way Associatve
1 0.22% n/a 19.34% n/a 16.02% 5.44
2 0.22% n/a 19.35% na 5.34% 3.22
4 0.22% n/a 19.35% nfa 1.57% 2.44
8 0.22% n/a 19.35% na 1.27% 2.37
16 0.22% n/a 19.35% n/a 0.83% 2.28
32 0.22% n/a 19.35% nfa 0.80% 2.28
64 0.22% n/a 19.35% nfa 0.66% 2.25
128 | 0.22% n/a 19.35% nfa 0.65% 2.25
HARREG: Direct Mapped
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 Associatve
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| 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: Direct Mapped
1 n/a <0.00% 38.62%| 0.02% 45.42% 4.82
2 nfa <0.00% 39.07%| <0.00% 34.79% 4.08
4 nfa <0.00% 39.07%| <0.00% 11.61% 2.38
8 nfa <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 Associatve
1 n/a <0.00% 38.62%| <0.00% 31.15% 4.31
2 nfa <0.00% 39.07%| <0.00% 8.24% 2.43
4 nfa <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: Direct Mapped

1 n/fa <0.00% nfa| 0.02% 24.93% 6.30
2 n/a <0.00% n/a| <0.00% 15.94% 4.60
4 n/fa <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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| 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 Associatve
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% nfa| <0.00% 1.68% 2.19
16 n/a <0.00% nfa| <0.00% 1.25% 2.10
32 n/a <0.00% nfa| <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 nfa 3.30% 3.36
8 n/a <0.00% n/a nfa 1.92% 2.94
16 n/a <0.00% n/a nfa 1.02% 2.67
32 nfa <0.00% n/a nfa 0.79% 2.60
64 n/a <0.00% n/a nfa 0.65% 2.56
128 n/a <0.00% n/a n/a 0.64% 2.55
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a n/a 13.09% 7.21
2 n/a <0.00% n/a nfa 2.78% 3.65
4 n/a <0.00% n/a nfa 1.33% 3.15
8 n/a <0.00% n/a nfa 1.07% 3.06
16 nfa <0.00% n/a nfa 0.79% 2.96
32 nfa <0.00% n/a nfa 0.64% 2.91
64 n/a <0.00% n/a n‘a 0.63% 291
128 n/a <0.00% n/a n‘a 0.62% 2.90
STACKUNIREG: Direct Mapped

1 n/a <0.00% 39.06% nfa 21.28% 5.82
2 nfa <0.00% 39.07% n/a 15.85% 4.80
4 nfa <0.00% 39.07% n‘a 4.90% 2.74
8 nfa <0.00% 39.07% na 2.83% 2.35
16 nfa <0.00% 39.07% n‘a 1.48% 2.10
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 nfa <0.00% 39.07% na 1.21% 2.05
64 n/a <0.00% 39.07% n‘a 1.00% 2.01
128 nfa <0.00% 39.07% n‘a 0.99% 2.00
STACKUNIREG: Eight-way Associatve
1 n/a <0.00% 38.62% nfa 17.35% 5.77
2 n/a <0.00% 39.07% n‘a 4.18% 2.97
4 n/a <0.00% 39.07% nfa 2.07% 2.52
8 n/a <0.00% 39.07% n‘a 1.67% 2.43
16 nfa <0.00% 39.07% na 1.23% 2.34
32 n/a <0.00% 39.07% n‘a 1.00% 2.29
64 nfa <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 nfa 24.88% nfa 18.40% 5.87
2 n/a nfa 23.82% nfa 9.96% 4.02
4 n/a nfa 23.82% nfa 3.29% 2.64
8 n/a nfa 23.82% nfa 1.86% 2.35
16 n/a n/a 23.82% n‘a 0.96% 2.16
32 n/a nfa 23.82% n‘a 0.78% 2.12
64 n/a n/a 23.82% n‘a 0.64% 2.10
128 n/a nfa 23.82% n‘a 0.63% 2.09
UNIREG: Eight-way Associatve

1 n/a nfa 23.60% nfa 17.00% 6.22
2 n/a nfa 23.82% nfa 4.18% 3.22
4 n/a nfa 23.82% nfa 1.49% 2.59
8 n/a nfa 23.82% nfa 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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| Size(KB) | const%

stack% reg% | instr % data% | Time (cycles)]

CONSTHARREG: Direct Mapped
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% nfa 23.52%| 0.47% 20.04% 3.50
8 6.36% n/fa 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/fa 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 Associatve
1 6.36% nfa 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/fa 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: Direct Mapped
1 6.36% n/a nfa| 1.01% 18.56% 8.76
2 6.36% n/a nfa| 0.69% 12.47% 6.60
4 6.36% n/a na| 0.47% 8.95% 5.34
8 6.36% n/a nfa| 0.14% 4.26% 3.67
16 6.36% n/a nfa| 0.03% 3.41% 3.36
32 6.36% n/a nfa| 0.02% 2.67% 3.10
64 6.36% n/a nfa| 0.01% 2.32% 2.98
128 | 6.36% n/a nfa| 0.01% 2.05% 2.89
CONSTHARVARD: Eight-way Associatve
1 6.36% n/a nfa| 0.53% 11.81% 7.24
2 6.36% n/a na| 027% 4.28% 421
4 6.36% n/a na| 0.05% 1.87% 3.22
8 6.36% n/a na| 0.03% 1.01% 2.88
16 6.36% n/a na| 0.01% 0.68% 2.75
32 6.36% n/a n/a| <0.00% 0.56% 2.70
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| 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: Direct Mapped
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 Associatve
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: Direct Mapped
1 6.36% <0.00% nfa| 1.01% 25.19% 7.53
2 6.36% <0.00% nfa| 0.69% 18.49% 6.03
4 6.36% <0.00% nfa| 0.47% 14.01% 5.02
8 6.36% <0.00% na| 0.14% 6.70% 3.39
16 6.36% <0.00% nfa| 0.03% 5.40% 3.09
32 6.36% <0.00% nfa| 0.02% 4.24% 2.84
64 6.36% <0.00% nfa| 0.01% 3.69% 2.72
128 6.36% <0.00% nfa| 0.01% 3.27% 2.63
CONSTSTACKHARVARD: Eight-way Associatve

1 6.36% <0.00% nfa| 0.53% 14.65% 5.89
2 6.36% <0.00% na| 027% 6.31% 3.78
4 6.36% <0.00% nfa| 0.05% 2.87% 2.90
8 6.36% <0.00% nfa| 0.03% 1.59% 2.58
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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
16 6.36% <0.00% na|] 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 na 2.21% 3.54
CONSTSTACKUNI: Eight-way Associatve
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 na 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: Direct Mapped
1 6.36% n/a n/a nfa 16.77% 11.50
2 6.36% n/a n/a nfa 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 na 3.23% 5.09
32 6.36% n/a n/a na 2.61% 4.80
64 6.36% n/a n/a na 1.82% 4.42
128 6.36% n/a n/a n‘a 1.61% 4.32
CONSTUNI: Eight-way Associatve

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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| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
4 6.36% n/a n/a na 1.97% 5.13
8 6.36% n/a n/a nfa 0.91% 4.55
16 6.36% n/a n/a nfa 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% nfa 13.21% 4.86
8 6.36% n/a 23.52% nfa 5.32% 3.23
16 6.36% n/a 23.52% n/a 3.85% 2.93
32 6.36% n/a 23.52% na 2.82% 2.71
64 6.36% n/a 23.52% nfa 1.47% 2.44
128 6.36% n/a 23.52% nfa 0.93% 2.32
CONSTUNIREG: Eight-way Associatve
1 6.36% n/a 23.51% nfa 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% nfa 2.51% 3.02
16 6.36% n/a 23.52% nfa 1.23% 2.72
32 6.36% n/a 23.52% nfa 0.78% 2.61
64 6.36% n/a 23.52% nfa 0.63% 2.58
128 6.36% n/a 23.52% nfa 0.45% 2.54
HARREG: Direct Mapped
1 n/a n/a 26.30%| 1.01% 44.12% 6.12
2 n/a n/a 26.33%| 0.69% 30.45% 474
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 Associatve
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| 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: Direct Mapped
1 nfa <0.00% 35.75%| 1.01% 46.35% 5.78
2 nfa <0.00% 35.77%| 0.69% 36.21% 4.86
4 nfa <0.00% 35.77%| 0.47% 27.31% 4.05
8 nfa <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 Associatve
1 n/a <0.00% 35.75%| 0.53% 37.65% 5.66
2 nfa <0.00% 35.77%| 0.26% 19.13% 3.77
4 nfa <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: Direct Mapped

1 n/fa <0.00% nfa| 1.01% 27.26% 8.54
2 n/a <0.00% nfa| 0.69% 20.11% 6.75
4 n/fa <0.00% nfa| 0.47% 15.36% 5.56
8 n/a <0.00% na| 0.14% 6.87% 3.44
16 n/a <0.00% nfa| 0.03% 5.28% 3.04
32 n/a <0.00% nfa| 0.02% 4.11% 2.75
64 n/a <0.00% nfa| 0.01% 3.59% 2.62
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| 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 Associatve
1 n/a <0.00% nfa| 0.53% 16.95% 6.79
2 n/a <0.00% nfa| 0.27% 7.53% 4.12
4 nfa <0.00% nfa| 0.05% 3.40% 2.94
8 n/a <0.00% nfa| 0.03% 1.66% 2.45
16 n/a <0.00% na| 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 nfa 21.31% 10.60
2 n/a <0.00% n/a n/a 15.70% 8.53
4 n/a <0.00% n/a nfa 11.96% 7.14
8 n/a <0.00% n/a nfa 5.72% 4.84
16 n/a <0.00% n/a nfa 4.41% 4.35
32 nfa <0.00% n/a nfa 3.56% 4.04
64 n/a <0.00% n/a nfa 2.52% 3.65
128 n/a <0.00% n/a nfa 2.14% 3.51
STACKUNI: Eight-way Associatve
1 n/a <0.00% n/a n‘a 13.99% 9.00
2 n/a <0.00% n/a nfa 6.50% 5.84
4 n/a <0.00% n/a nfa 3.14% 4.42
8 n/a <0.00% n/a nfa 1.41% 3.70
16 nfa <0.00% n/a nfa 0.84% 3.45
32 nfa <0.00% n/a nfa 0.61% 3.36
64 n/a <0.00% n/a n‘a 0.53% 3.32
128 n/a <0.00% n/a na 0.37% 3.26
STACKUNIREG: Direct Mapped

1 n/a <0.00% 35.75% nfa 23.62% 6.97
2 nfa <0.00% 35.77% n/a 18.81% 5.95
4 nfa <0.00% 35.77% nfa 14.28% 4.99
8 nfa <0.00% 35.77% n‘a 6.34% 3.30
16 nfa <0.00% 35.77% n‘a 4.54% 2.92

continuedon next page



APPENDIXD. HYBRID CACHE RESULTS

TableD.11: mpegaudio Hybrid CacheResultg(continued

170

| Size(KB) | const% stack% reg% | instr % data% | Time (cycles)]
32 nfa <0.00% 35.77% na 3.31% 2.65
64 nfa <0.00% 35.77% na 1.63% 2.30
128 nfa <0.00% 35.77% na 1.22% 2.21
STACKUNIREG: Eight-way Associatve
1 n/a <0.00% 35.75% n/a 19.96% 7.06
2 nfa <0.00% 35.77% n/a 10.50% 4.77
4 nfa <0.00% 35.77% n‘a 5.33% 3.52
8 nfa <0.00% 35.77% n‘a 2.44% 2.82
16 nfa <0.00% 35.77% n‘a 1.46% 2.58
32 nfa <0.00% 35.77% n‘a 1.02% 2.47
64 nfa <0.00% 35.77% n‘a 0.89% 2.44
128 nfa <0.00% 35.77% na 0.67% 2.39
UNIREG: DirectMapped
1 n/a nfa 26.31% nfa 28.80% 8.48
2 n/a nfa 26.33% nfa 20.01% 6.52
4 n/a nfa 26.33% nfa 14.19% 5.22
8 n/a nfa 26.33% nfa 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 Associatve

1 n/a nfa 26.30% nfa 25.89% 8.93
2 n/a nfa 26.33% nfa 12.63% 5.55
4 n/a nfa 26.33% nfa 6.00% 3.85
8 n/a nfa 26.33% nfa 2.50% 2.96
16 n/a n/a 26.33% na 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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| Size(KB) | const%

stack% reg% | instr % data% | Time (cycles)]

CONSTHARREG: Direct Mapped
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 Associatve
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% 291
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: Direct Mapped
1 9.17% n/a nfa| 1.05% 29.18% 11.55
2 9.17% n/a n/a| 0.60% 19.88% 8.61
4 9.17% n/a na| 0.30% 7.80% 4.84
8 9.17% n/a nfa| 0.24% 4.07% 3.68
16 9.17% n/a nfa| 0.14% 1.97% 3.01
32 9.17% n/a nfa| 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 Associatve
1 9.17% n/a nfa| 0.61% 15.34% 8.22
2 9.17% n/a na| 033% 6.79% 5.16
4 9.17% n/a na| 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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| 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: Direct Mapped
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 Associatve
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: Direct Mapped
1 9.17% <0.00% nfa| 1.05% 31.15% 8.97
2 9.17% <0.00% n/a| 0.60% 20.50% 6.63
4 9.17% <0.00% nfa| 0.30% 10.73% 4.51
8 9.17% <0.00% nfa| 0.24% 5.62% 3.42
16 9.17% <0.00% nfa| 0.14% 2.60% 2.76
32 9.17% <0.00% nfa| 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 Associatve

1 9.17% <0.00% nfa| 0.61% 20.37% 7.53
2 9.17% <0.00% nfa| 0.33% 9.10% 4.76
4 9.17% <0.00% nfa| 0.05% 3.89% 3.45
8 9.17% <0.00% n/a| <0.00% 2.42% 3.08
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| 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 nfa 23.07% 11.39
2 9.17% <0.00% n/a n/a 15.71% 8.73
4 9.17% <0.00% n/a nfa 7.31% 5.69
8 9.17% <0.00% n/a n‘a 4.02% 450
16 9.17% <0.00% n/a n‘a 2.03% 3.78
32 9.17% <0.00% n/a na 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 Associatve
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% 471
8 9.17% <0.00% n/a na 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: Direct Mapped
1 9.17% n/a n/a nfa 23.47% 14.37
2 9.17% n/a n/a nfa 16.30% 11.09
4 9.17% n/a n/a nfa 6.06% 6.39
8 9.17% n/a n/a nfa 3.32% 5.14
16 9.17% n/a n/a na 1.73% 4.41
32 9.17% n/a n/a nfa 1.16% 4.15
64 9.17% n/a n/a n‘a 0.75% 3.96
128 9.17% n/a n/a nfa 0.66% 3.92
CONSTUNI: Eight-way Associatve
1 9.17% n/a n/a nfa 13.74% 11.30
2 9.17% n/a n/a nfa 6.53% 7.53
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| 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 nfa 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% na 5.36% 3.76
16 9.17% n/a 28.98% nfa 2.92% 3.18
32 9.17% n/a 28.98% nfa 1.93% 2.94
64 9.17% n/a 28.98% na 1.18% 2.76
128 9.17% n/a 28.98% na 1.03% 2.73
CONSTUNIREG: Eight-way Associatve
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% na 4.69% 411
8 9.17% n/a 28.98% nfa 2.78% 3.59
16 9.17% n/a 28.98% nfa 1.55% 3.25
32 9.17% n/a 28.98% na 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: Direct Mapped
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% 477
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 Associatve
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| 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: Direct Mapped
1 nfa <0.00% 42.77%| 1.05% 54.95% 7.87
2 nfa <0.00% 41.53%| 0.60% 37.33% 5.75
4 nfa <0.00% 41.53%| 0.30% 20.56% 3.94
8 nfa <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 Associatve
1 nfa <0.00% 42.49%| 0.61% 42.56% 7.32
2 nfa <0.00% 41.53%| 0.33% 20.96% 4.54
4 nfa <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: Direct Mapped

1 n/fa <0.00% nfa| 1.05% 30.51% 9.72
2 n/a <0.00% nfa| 0.60% 20.74% 7.17
4 n/fa <0.00% nfa| 0.30% 11.93% 4.88
8 n/a <0.00% nfa| 0.24% 5.55% 3.25
16 n/a <0.00% na| 0.14% 2.66% 2.51
32 n/a <0.00% nfa| 0.06% 1.95% 2.31
64 n/a <0.00% n/a| <0.00% 1.45% 2.18

continuedon next page



TableD.12: mtrt Hybrid CacheResults(continued

APPENDIXD. HYBRID CACHE RESULTS

176

| 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 Associatve
1 n/a <0.00% nfa| 0.61% 21.71% 8.46
2 n/a <0.00% na|] 0.33% 9.21% 4.79
4 n/a <0.00% nfa| 0.05% 4.20% 3.29
8 n/a <0.00% nfa| <0.00% 2.55% 2.80
16 n/a <0.00% nfa| <0.00% 1.70% 2.55
32 n/a <0.00% nfa| <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 nfa 8.51% 6.26
8 n/a <0.00% n/a nfa 4.19% 4,52
16 n/a <0.00% n/a nfa 2.15% 3.69
32 nfa <0.00% n/a nfa 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 Associatve
1 n/a <0.00% n/a nfa 17.60% 11.32
2 n/a <0.00% n/a nfa 8.01% 6.91
4 n/a <0.00% n/a nfa 3.40% 4.79
8 n/a <0.00% n/a nfa 1.99% 4.14
16 nfa <0.00% n/a nfa 1.24% 3.79
32 nfa <0.00% n/a nfa 0.89% 3.63
64 n/a <0.00% n/a nfa 0.70% 3.54
128 n/a <0.00% n/a n‘a 0.64% 3.52
STACKUNIREG: Direct Mapped

1 nfa <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% nfa 10.17% 4.74
8 n/a <0.00% 41.53% n‘a 6.26% 3.74
16 nfa <0.00% 41.53% nfa 3.26% 2.98
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32 nfa <0.00% 41.53% nfa 2.20% 2.71
64 nfa <0.00% 41.53% n‘a 1.48% 2.52
128 nfa <0.00% 41.53% na 1.33% 2.48
STACKUNIREG: Eight-way Associatve
1 nfa <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 nfa <0.00% 41.53% n‘a 1.94% 3.01
32 nfa <0.00% 41.53% na 1.37% 2.84
64 nfa <0.00% 41.53% na 1.12% 2.77
128 n/a <0.00% 41.53% n‘a 1.01% 2.74
UNIREG: DirectMapped
1 n/a nfa 32.97% nfa 34.00% 11.24
2 n/a nfa 33.13% nfa 24.29% 8.68
4 n/a nfa 33.13% nfa 14.57% 6.10
8 n/a nfa 33.13% nfa 5.68% 3.74
16 n/a n/a 33.13% na 3.13% 3.06
32 n/a n/a 33.13% n‘a 2.04% 2.77
64 n/a n/a 33.13% na 1.23% 2.55
128 n/a n/a 33.13% n‘a 1.10% 2.52
UNIREG: Eight-way Associatve

1 n/a nfa 32.87% nfa 28.08% 11.01
2 n/a nfa 33.13% nfa 14.54% 6.94
4 n/a nfa 33.13% nfa 4.85% 4.01
8 n/a nfa 33.13% nfa 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




Bibliography

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

W. P. AlexanderR. F. Berry, F. E. Levine,andR. J. Urquhart.A unifying approacto
performanceanalysisin the Java ervironment.IBM Systemsournal, 39(1):118-134,
2000.

B. Alpern, C. R. AttanasioM. G. Burke, P. Cheng,J.-D.Choi, A. Cocchi,S. J.Fink,
D. Grove, M. Hind, S. F. Hummel, D. Lieber, V. Litvinov, M. F. Mergen, T. Ngo,
J.R. Russel,V. Sarkar M. J. SerranoJ. C. ShepherdS. E. Smith, V. C. Sreedhar
H. Srinivasan,andJ. Whalgy. The Jalap@o virtual machine.|BM Systemdournal,
39(1):211-2382000.

G. M. Amdahl. In AFIPSConfeenceProceedingspagesA83—-485April 1967.

S. J. Baylor, M. Devaralonda, S. J. Fink, E. Gluzbeg, M. Kalantar P. Muttineni,
E. BarsnessR. Arora, R. Dimpsey, andS. J. Munroe. Java sener benchmarksiBM
Systemgournal, 39(1):57-812000.

R. Christ,S.L. Halter, K. Lynne,S. Meizer, S.J.Munroe,andM. Pasch.Sanfrancisco
performance: A casestudy in performanceof large-scaleJava applications. IBM
Systemgournal, 39(1):4—202000.

M. Cierniak,G.-Y. Lueh,andJ. M. Stichnoth.PracticingJUDO: Java underdynamic
optimizations.Proceeding®f the ACM SIGPLANConfeenceon ProgrammingLan-
guage DesignandImplementationpagesl 3—-26,2000.

D. Dillenbeger, R. Bordavekar C. W. Clark, D. Durand,D. Emmes,O. Gohda,
S. Howard, M. F. Oliver, F. SamuelandR. W. St. John. Building a Java virtual ma-
chinefor sener applications:TheJvmon OS/390.IBM Systemgournal, 39(1):194—
211,2000.

R. Dimpse/, R. Arora, andK. Kuiper Java sener performance:A casestudy of
building efficient, scalablelvms.IBM Systemsgournal, 39(1):151-1742000.

178



BIBLIOGRAPHY 179

[9] M. A. Ertl. Stackcachingfor interpreters.In SIGPLANNotices volume 30, pages
315-327ACM, Junel995.

[10] R. J.Fowler andJ. E. Veenstra.A performanceavaluationof optimal hybrid cache
cohereng protocols.In Proceeding®f the 5thinternationalconfeenceon architec-
tural supportfor programminglanguages and opeiating systemsvolume V, pages
149-157 Octoberl1992.

[11] J.D. Gee,M. D. Hill, D. N. Pnevmatikatos,andA. J. Smith. Cacheperformanceof
the SPEC92benchmarlsuite. IEEE Micro, pagesl7-27,August1993.

[12] W. Gu, N. A. Burns,M. T. Collins, andW. Y. P. Wong. The evolution of a high-
performingJava virtual machine.IBM Systemgournal, 39(1):135-1502000.

[13] M. D. Hill andA. J. Smith. Evaluatingassociatiity in CPU caches.IEEE Transac-
tionson Computes, C-38(12):1612-1630.989.

[14] W. W. Hsu,Y. Lee,andJ. Peir Capturingdynamicmemoryreferencebehaior with
adaptve cachetopology In Proceeding®f the 8th internationalconfeenceon ar-
chitectual supportfor programminglanguagesand opemating systemsvolumeVIIl,
page240-250,1998.

[15] IBM Systemdournal, 39(1),2000.

[16] B. L. JacobandT. N. Mudge. A look at several memorymanagementinits, TLB-
refill mechanismsand pagetable organizations. In Proceeding®of the 8th interna-
tional confeenceon architectuial supportfor programminglanguagesandoperating
systemsvolumeViIll, pages295-3060ctober1998.

[17] I. H. Kazi, H. H. Chen,B. Stanlg, andD. J. Lilja. Techniquedor obtaininghigh
performancen Java programs. ACM ComputingSurvers 32(3):213-2402000.

[18] I. H. Kazi, D. P. Jose B. Ben-HamidaC. J. Hescott,C. Kwok, J. A. Konstan,D. J.
Lilja, andP-C. Yew. JaViz: A client/serer Java profiling tool. IBM Systemsournal,
39(1):96—-1182000.

[19] H. M. Levy andC. A. Thekkath. Hardwareandsoftware supportfor efficient excep-
tion handling. In Proceedingsof the 6th international confeenceon architectusal
supportfor programminglanguages and opeiating systemsvolume VI, pagesl10—
119,0October1994.

[20] T. LindholmandF. Yellin. TheJavavirtual madine specification chapter6, pages
151-338.Addison-Wesle, ReadingMassachusettdiyst edition,1997.



BIBLIOGRAPHY 180

[21] J.S.Liptay. Structuralaspect®f the System/360nodel85, partll: Thecache.IBM
Systemgournal, 7(1):15-211968.

[22] H. McGhanandM. O’Connor PicoJ&a: A directexecutionenginefor Java bytecode.
Computer pages22—-30,0ctober1998.

[23] J. E. Moreira, S. P. Midkiff, M. Gupta,P. V. Artigas, M. Snir, andR. D. Lawrence.
Javaprogrammingdor high-performancaumericalcomputing.IBM Systemsournal,
39(1):21-572000.

[24] K. D. NilsenandW. J. Schmidt.Performancef ahardware-assisteteal-timegarbage
collector In Proceeding®f the 6th internationalconfeenceon architectual support
for programminglanguagesandopeiating systemsvolumeVI, pages/6—85,0ctober
1994.

[25] J.M. O’'ConnorandM. Tremblay PicoJaa-I: The Java virtual machinein hardware.
IEEE Micro, pagesA5-53,March1997.

[26] D. A. PattersorandJ. L. HennessyComputerarchitectue: A quantitativeapproad,
chapters.1-5.6,pages373-438. Morgan KaufmannPublishers SanFranciscosec-
ondedition,1996.

[27] D. RippsandB. Mushinslk. Benchmarksontrast68020cache-memorpperations.
EDN, 3:177-2021985.

[28] T.Suganumal. Ogasavara,M. Takeuchi,T. YasueM. Kawabhito,K. Ishizaki,H. Ko-
matsu,and T. Nakatani. Overview of the IBM Java Just-in-Timecompiler 1BM
Systsmgournal 39(1):175-1932000.

[29] J.Torrellas,C. Xia, andR. L. Daigle. Optimizingthe instructioncacheperformance
of theoperatingsystem.IEEE Transactionson Computes, 47(12):1363—-13811998.

[30] B. Venners.nsidethe JAVA 2 Virtual Machine McGraw-Hill, secondedition,1999.

[31] D. ViswanatharandS. Liang. Java virtual machineprofiler interface. IBM Systems
Journal, 39(1):82-952000.



