Chapter 1

Introduction

The memorysystemis a critical componenbf any high-performance&omputersystem. Memory
speeds often a major componenbf the perceivedexecutionspeedof the computersincethe processor
canonly executeasfastasthe memorysystemprovidesdata. Computeruserswould prefera memory
thatis bothinfinitely largeandinfinitely fast, or at leastonethatis largeenoughandfastenough. The
challengds to designa cost-effectivanemorysystemthatmeetsthesegoals.

Rapid technologychangealways alters the memory systemdesign problem, making previous
designsaninsufficientsolution,andnewresearchessential. Memorydensitiesaredramaticallyimprov-
ing: mainmemoriesof hundredf megabytesvill becommonin thefuture. Processoraregettingfas-
ter: processorsvill executehundredsf millions of instructionsin a singlesecond.With moreprocess-
ing and memory capabilities,userssolve different and larger problemsthan previously envisioned.
Thesetechnologyand usagechangeseshapdhe problemspresentedo the memorysystemdesigner.
As memorysystemsevolve,designdecisionamustbe constantlyreevaluated.

This dissertatioranalyzesa memorysystenthatis motivatedby increasingorocessingpeedsnd
expandingmain memories. While main memoriesare getting muchlarger,they are not getting much
faster. This createsa speedgap betweenthe processoand main memory. The processorcanperform
hundredsof operationsin the time it takesto servicea single main memory request,so memory
accessemustberare. With this large speedgap,it becomegarticularly difficult to meetthe expecta-
tions of the user:a fastandlargememory. While a givenmemorymay be largeenoughit is probably
notfastenough.

The problemis thatlargermemoriesareinherentlyslowerthansmallermemorieshecausef phy-
sicallimitations. Giventhis problem,it may at first seemimpossibleto build amemorysystemthathas
both a large capacityanda high speed. Fortunately thereis an elegantdesignsolutionthat overcomes
these physical limitations. A smaller (faster) and a larger (slower) memory are configured
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hierarchically,yet they appearasa single memorybecauseahe fastermemorytransparentlycacheshe
frequently-referencedontentsof the slowermemory. The averagespeedof the hierarchyis nearlythe
speedof the fastestmemorybecauset servicesmostreferenceglocality of referencdDENNG8]). The
largestmemorydecideghe capacityof the hierarchybecausét servicesall the otherreferenceshatthe
smallerone(s)cannot. At no burdento the programmerhierarchicalmemorysystemsbridgethe large
speedgapbetweenprocessingandmemoryby simultaneoushusingthe speedandcapacityadvantages
of smallandlargememories.

Figure 1.1 showsthe evolution (from left to right) of hierarchicalmemory systemsto fill the
processor-memorgpeedgap. Technologychangespushdesignsto the far right of the figure: to the
memory systemexaminedin this study. Virtual memory (on the far left) is the earliesttransparent
hierarchical structuring of mechanical (disk or drum) and electronic main memories
[FoTH61,KILB62,KIEL82]. Main memorycould successfullybridgethe speedjapbetweerprocessors
andmechanicabktoragewhenit could servicereferencest the speedf the processor.Fastemprocessors
createanotherspeedgapsincelarge main memoriescannotequalprocessospeeds.Anotherhierarchy
level bridgesthis gap: cache memory. Cachesare essentialfor the processor-main-memornyerfor-
mancegapjust like virtual memoryis essentiafor the main memoryanddisk gap. Cachesarefaster
(but smaller) than main memories,so they can satisfy processomreferencesmore quickly. Caches
greatlyimprovememorysystemperformanceat no burdento the programmer.

With evenfasterprocessorsa single cachebecomesan insufficientbuffer betweenthe processor
andmain memory. A two-level cacheconfigurationis necessaryAgain, anadditionof anothedevelto
the hierarchyallows the capacityadvantagesf the large cacheto be combinedwith the speedadvan-
tagesof the smallercache. The large cachereduceghe frequencyof main memaoryaccessesyhich is
essentiabecausdheytakesolong, but alargecacheis too slow to directly servicethe processor.This
leadsto the configurationon the far right of Figure1.1, onewith smallerprimary andlargersecondary
CPU caches.This two-level cacheconfigurationgracefullytoleratesa processor-memorgpeedgap of
evena hundredor more. The primary cachesservicemost processoreferencesand the secondary
cacheservicesnostof the referenceshatescapdhe primary caches.Split primary cachegrovidehigh
bandwidthto the processorseparaténstructionanddatacachesllow instructionanddatareferenceso
beservicedsimultaneously.

Thetechnologychangeghatdrive hierarchicaimemorysystemdo two cacheevelsareevidentin
Figurel.1l. Microprocessospeedsiaveimprovedby afactorof onehundredoverthelastdecadewhile
main memoryspeedsaveimprovedby only 50% in the sameperiod. CPU cachedill this speedgap
by pushingthe processowp in the hierarchy. Memory sizeshavegrown by severalordersof magni-
tude. Cachesalsogrow with eachevolutionarygeneration. Theselarge cachesansatisfymostof the
reference$rom eventhelargestworkloads.

1.1. Dissertation Overview and Contributions

This studyfocuseson the evaluationanddesignof the evolutionarytwo-level cacheconfiguration
depictedon the far right in Figure1.1. In particular,this dissertationconcentratesn large secondary
caches.Most previouscacheanalysedocuson smallerprimary cachedbecausenly recenttechnology
advancesand increasingworkload sizesnecessitatehe larger cachesas a part of a two-level cache
configuration. Evolutionarytrendssuggesthat thesecacheswill be multiple megabytesan order of
magnitudelarger than the previous generationof caches. The scopeof this study is restrictedto
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Figure 1.1. Hierarchical Memory System Evolution.

This figure showsthe evolutionof hierarchicaimemorysystemgfrom left to right) to fill the gapbetween
processoand memoryspeeds.At the top of the hierarchyis the processof(CPU), and at the bottom s

non-volatile(mechanicalstorageIn the middle,thereare severallevelsof memory,both cacheandmain,

with sizesgiven. The latencyrequiredfor a transferbetweenevelsis alsogiven. Thelatenciesandsizes
depictedare only examples. This dissertatiorstudiessecondarycachesin a configurationlike the one at
thefar right.

uniprocessordecauseahey continueto pushthe limits of low-costcomputationaperformancethough
multi-megabytesecondargachesreequallyor moreusefulfor multiprocessors.

While primary cacheand main memorydesignconsiderationsiremuchthe sameasin the previ-
ousgenerationthe new secondarycachesare fundamentallydifferent. Secondarycachesaredifferent
from primary onesfor two reasons.First, secondarycacheswill be aslarge as main memoriesonce
were, much larger than previous(or future) primary caches. Second primary cacheddirectly service
processoreferenceswhile secondarycachesserviceonly the referencesot satisfiedby the primary
caches. Most previousresearchhas focusedon primary cachedesign. This dissertationstudiesthe
secondargachewhich seeanemoryreferencesvith very differentcharacteristics.

Although they are of similar size, multi-megabytesecondarycachesare fundamentallydifferent
from previous main memories. One differenceis the time to accessthe next hierarchylevel: disk
accesseake many ordersof magnitudelongerthan main memoryaccessesThis latencydifference
makessecondarcachedesignvery different. Secondarycachesanusethe main memorymuchmore
frequentlythanpreviousmainmemoriescould accesshe slow disk.

The differencesn multi-megabytesecondarycachedesignmotivatethe researchn this disserta-
tion. The first componentof this researchnvolved gatheringtools appropriatefor analyzingmulti-



4

megabytesecondarycaches. As memory systemsevolve, the tools usedto evaluatethem also must
evolve. This dissertationdescribesthe implementationand use of new cacheperformanceanalysis
tools. By evaluatingmulti-megabytesecondaryachesn the properframework,newinsightsinto their
behavioranddesignareevident.

Chapter2 definesthe basicconceptsrelatedto virtual memoryand CPU cachesand gives the
defaultparametershatareassumedhroughoutherestof this dissertation.It alsosurveyssomeimpor-
tant previouscacheperformanceanalysisstudies,and showstrace-drivensimulationto be an effective
performanceanalysistool for cachememories. It introducesthe MPI and SCPI cacheperformance
metrics,and describeghe statisticaltechniquesusedthroughoutthis dissertation. It then describesa
simulation environmentthat allows trace-drivensimulationresultsto be gatheredquickly. Chapter2
establisheghe basisfor the restof the researchincludedin this dissertation.

Chapter3 then describesthe collection of superiortracesfor the analysisof multi-megabyte
caches.Thesetracespredictthe workloadsthatwill executeon future high performancerocessorghat
havemain memoriesof hundredof megabytes.Thetracesareonehundredtimeslongerthanprevious
traces,andaretakenfrom workloadsthat aretentimeslargerthanpreviouslytraced. Chapter3 further
showsthe advantagesf very long tracesfor multi-megabytecacheanalysis.

The problemwith long tracesis the enormousomputingresourcesieededo simulatewith them.
Chapter4 discussesrace-samplingechniqueghat useonly a portion of the long tracereferencesand
consequentlyeducethe requiredsimulationtime, to getaccuratecacheperformanceesults. Sampling
canreducesimulationtime by morethananorderof magnitudewhile introducingonly smallerrors.

Chapters givesmoredetailedmotivationfor thetwo-levelhierarchicalcacheconfigurationshown
in Figure 1.1. It showsthat multi-megabytecachesare neededas the processor-memorgpeedgap
reachesa factor of one hundred. It thendiscussesomekey designconsideration®f multi-megabyte
secondargachesblock size,associativity andmulti-level inclusion.

Chapter6 examineghe interactionof virtual memoryand set-associativ€PU caches.Because
of their interaction,the virtual to real pagemappingaffectsthe placemenbf datain the cache. Chapter
6 introduceghe problemcausedy this interaction:pageconflicts. It alsointroducesa simplemodelto
measurdhe quality of naive pageplacemenin the cache. This modelsuggestshat 30% of pageanay
be poorly placedwhenthey are naively mappedto pageframes. Chapter6 introducesand examines
practicalpagemappingtechniqueghatimprovethe placemenbf datain the cacheand,consequently,
improve cacheand memory systemperformance. Trace-drivensimulation showsthat careful page
mappingeliminates10%-20%of direct-mappedeal-indexedcachemisses. Thus, careful pagemap-
ping cancausea cacheto actmuchlarger,at no hardwarecost.

Finally, Chapter7 discusseshe conclusionsof this researchand areasfor future research.This
dissertationpresentshe analysisrequiredto understandhe performanceand designissuesinvolved
with multi-megabytesecondarygaches.



Chapter 2

BackgroundandCachePerformanceAnalysis

2.1. Introduction

This chaptergives the memory systembackgroundneededfor the analysisof the subsequent
chapters.In Section2.1andSection2.2, this chapterdiscusseslefinitionsanddefaultparametersf the
virtual memoryandcacheconfigurationsexaminedhroughouthis dissertation.Section2.3 surveyshe
mostimportantpreviouscacheperformancestudies,and motivatesthe useof trace-drivensimulation.
Section2.4 describeghe cacheperformancenetricsusedthroughouthis dissertation.Section2.5 sum-
marizesthe statisticaltechniquesusedin Chapters4 and6. Section2.6 then describesa simulation
environmenthat takesadvantagef levelsof homogeneityandparallelism. This chapterdiscusseshe
toolsusedin thesubsequemntesearchn Chapters3, 4, 5, and6.

2.2. Virtual Memory Concepts

This sectionsummarizekey conceptsof virtual memorythat are usedthroughoutthis disserta-
tion. Definition 2.1 giveskey definitionsanddefaultparameterselatedto virtual memory.

Definition 2.1. Definitionsfor Virtual Memory.

° Page - A fixed-size,aligned, and contiguousportion of virtual memorythat is
managedsaunit. Thedefaultpagesizeis 16 kilobytes.

° Page Frame - Physicalmemorythat canhold a page. Typically, this refersto
main memory. The numberof pageframestimesthe pagesizeis the sizeof the
mainmemory. Thedefaultmainmemorysizeis 128 megabytes.
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° Page Fault - An exceptionthat occurswhena referencegageis not heldin the
main memory. Usually, the operatingsystemstopsthe user-levelprogramthat
faulted,loadsthe pagefrom disk into mainmemory,andrestartghe program.

° Page Mapping (Placement) - The relationshipbetweenvirtual memory pages
andpageframes.The pagemappingspecifiesvherea given pageis stored.

° Page M apping Function (Palicy) - The algorithmthat determineghe pagemap-
ping.

° Page Replacement - Theremovalof a pagefrom main memoryto makeroomfor
anewpage. This mayrequirewriting thereplacedagebackto disk.

° Page Replacement Policy - The algorithm that chooseghe page(s)that will be
removedfrom main memory. Replacemenpolicies tend to choosepagesthat
were not recently referenced. The defaultis to replacethe least-recently-used

page.

The goal of virtual memoryis to providethe userwith a unified view of a largeandfastmemory,
althoughthe physicalmemoryis really structuredhierarchically. Two separateaddresspacegrovide
this view. The userreferencesirtual addresses while real addresses index into the physically avail-
ablememory. The virtual memorysystemmanageshe memoryin pages.At anygiventime, a virtual
memorypagemay eitherresidein a (physical)main memorypageframeor it may beon disk. Thatis,
eachpagemapsto pageframesin the main memoryor disk memory. Whenthereare no pagefaults,
the systemtranslateseachvirtual (or page)addressto a real (or pageframe) addressand the main
memoryis directly accessedThis addressranslationis depictedn Figure2.1. Becausgagegqframes)
areproperlyaligned,the translationdoesnot modify the offset of anaddresswithin a page(i.e. the bot-
tom addresshits are unchanged).Translationdoesmodify the upperaddresghits. It determineshe
pageframe correspondingo a virtual pageby consultingthe pagemapping,often a page table. Occa-
sionally, the pagetable showsthat a virtual pageis not containedin the main memory. Then,a page
fault awakenghe systemsoftware,anda pagerearrangemenesolveshe fault. Pagesmay needto be
written-backto the disk becaus®f the pagefault.

Virtual addresgranslationis typically a fully associativanappingof pagesto pageframes. This
meanghat any pagecanbe storedin any pageframein mainmemaory. This mappingflexibility allows
the systemsoftwareto choosemanydifferentmapsof pagedo pageframes. It alsoallows considerable
flexibility in decidingwhich pageswill resideon the disk andwhich will be placedin main memory.
Typically, recentlyusedpagesareheldin the main memory,andunreferenceghagesesideon the disk.
With this policy, the pagefault frequencywill below if thereis enoughlocality of reference.The page
fault frequencyis a key metric of the performanceof a virtual memorysystem. The more often faults
occur,the moreoftenthe disk mustbe accessedSincea disk accesss soslow (millions of instructions
canbeexecutedduringa disk access)pagefaults mustbe rarefor goodperformance.

2.3. Set-Associative CPU Cache Concepts

This section summarizeskey conceptsof cachesthat are used throughoutthis dissertation.
Definition 2.2 giveskey definitionsanddefaultparameterselatedto caches.
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Figure2.1. Virtual to Real Address Trandation.

This figure showsthe translationfrom virtual addressego real addresses.The virtual page number
translatesnto areal pageframenumber.

Definition 2.2. Definitions for Caches.

° Block - A fixed-size,aligned,andcontiguousportion of memorythatis managed
asaunit. A block is similar in function, butis typically muchsmallerthan,a vir-
tual memorypage. In this dissertationthe primary cacheblock sizeis 32 bytes
andthe secondaryachedefaultblock sizeis 128 bytes.

° Block Frame - A cachememorylocationthat canstorea block. The sizeof the
cacheis the numberof block framestimes the size of a block. Each primary
cachecontains32-kilobytesworth of block frames. The secondarycachesize
variesfrom 128-kilobytesto 16-megabytes.

° Set - Theblock frame(s)thatcanstoreablock. Eachblock indexesto a particular
set,andonly the block frameswithin thatsetcanhold the block.

e Cache Miss - A hardware-handle@éxceptionthat occurs when the processor
references block thatis notin the cache. The cachereplacesanothemlock from
the sameset, and loadsthe referencedlock into the cacheto servicethe refer-
ence.

° Associativity - The numberof block framesin a set, or the numberof block
frameswhere any given block can be stored. The primary cachesare direct-
mappedassociativityof one)andthe associativityof the secondarcachesange
from oneto four.

° Indexing (Placement) - The selectionof a setusingindex bits from the address
of areference.If theindexbits comefrom the virtual (real) addressthe cacheis
virtual-indexed (real-indexed). Except for Chapter6, virtual-indexing is used
throughout this dissertation. The virtually-indexed secondary caches use
process-identifie(PID) hashingsothatcommonvirtual addressedo not indexto
the sameset. Virtual-indexed PID-hashingapproximatesreal-indexing. Note
thatall thevirtually-indexedcachesusedin this dissertatioraretaggedwith PIDs,
andthatthe cacheentriesarenot flushedat processwitches.

1. Foreachaddresspaceg(or processin 8-bit PID is exclusive-oredwith the upper(virtual) indexbits to
chooseheset.
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° Block Replacement - Removinga block from the cacheto makeroomfor a new
block. In a write-back cache,this may requirewriting the replacedblock into
mainmemory.

° Block Replacement Policy - The algorithmthat chooseshe block that will be
replacedwhenspacemustbe allocated. The defaultis a randomblock from the
set.

° Write Policy - Decideswhenwrites propagatdo the nextlevel in the hierarchy.
Write-throughimplies thatupdatesmmediatelypropagatevhenanywrite occurs.
Write-back implies that Ué)datesoccur at block replacement. Write-back is
assumedn this dissertatiofi.

° Multi-Level Inclusion - The propertythat the contentsof a cachecloserto the
processormust always be containedin a cache further from the processor
[BAEWSS]. It is particularly useful when maintaining coherencyin a shared
memorymultiprocessoor in the presencef I/O devices. Inclusionis not main-
tained betweenthe primary and secondarycachesn this dissertationgexceptin
Section5.8. Inclusion betweenthe CPU cachesand the main memoryis main-
tainedin Chapter6.

The function of a CPU cacheis similar to virtual memory:the cacheholdsa dynamicportion of
the blocks that servicemost memoryreferences.The designof cachess considerablydifferent from
the designof virtual memory, however. Hardwaremanagescacheswhile software managesvirtual
memorymisses. The major reasorfor thisis, assuggestedh Figurel.1,thatthetime for a CPUcache
missis muchlessthanthetime for a pagefault. Softwareinterventionis usefulandaffordablewhena
page fault costs millions of instructions. Software intervention is too slow for cachemisses,so
hardwaremustservicethemasquickly aspossible. A cacheis set-associativeatherthanfully associa-
tive. This meansthat eachcacheblock indexesto a set,andthe block canonly be storedin the few
block framesin that set. Hardwareset-associativitymplementationsllow very fastassociativeaccess
to blocksstoredin the cache.

Figure 2.2 showsthe operationof a 2-way set-associativeache. The bottom bits of the address
arethe offsetwithin a block, muchlike the pageoffset. Set-associativityunlike full pageassociativity,
extractsindex bits from the addresgo choosethe setwherethe block will reside. The index bits are
typically in the middle of the address.The cachecompareghe uppertag bits of the addressagainst
othertagsin the set. Whenthe cacheholdsa block, its tagis storedfor later comparison.Whenthetag
bits of the addressnatcha storedtag, the block is in the cache(a hit). Whenareferencedlock is not
foundin the cache(amiss),it replacesanotherblock in its setsothatlaterreferencesvill find the block
(laterreferencesvill hit).

Figure 2.2 depictsa two-way set-associativeachebecausdhereare two cachememorybanks.
This dissertatioralsoexaminesassociativitief oneandfour. With 1-way, or direct-mappedthereis
only a single bank, meaningthat eachblock can only residein a single cacheblock frame. Direct-
mappeds the oppositeendof the associativityspectrumfrom the full associativityof virtual memory.
A 2-way or 4-way set-associativ&eachehas more mapping flexibility than a direct-mappedcache

2. Additionally, the cacheis write-allocate,meaningthat on write missesthe new block is loadedand
thenimmediatelyupdatedn thecache.
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Figure 2.2. Set-Associative CPU Cache Indexing.

This figure showsthe operationof a 2-way set-associativeache. Theindexbits choosethe set. The asso-
ciative matchinghardwaredecidesf the cachecontainsthe block referencedy the address.

becausdhere are more frameswherea given block canreside. On the other hand,a direct-mapped
cachecanbefasterthancachesf higherassociativitysinceits designis simpler.

As with virtual memorypagefaults, cachemissesendto occurinfrequentlybecausef locality of
reference. The more often thereare misses the more often the next slowermemoryin the hierarchy
must be accessed.Missesmust be sufficiently rare so that their performancedegradationis not too
high. The cachemiss frequencyis a key cacheperformancemetric that is estimatedthroughoutthis
dissertation.

2.4. Previous Cache Analysis

This sectionsurveysmanypreviouscacheperformancestudies. It discussefiardwaremonitoring
and analyticalmodels,and showsthat trace-drivensimulationis a powerful tool for the performance
analysisof cachememories.

24.1. Hardware Monitoring

Themostpreciseway to measureacheperformancaes to takedirectmeasurementsy monitoring
the operationof a cache. This ofteninvolves measurementardwaredesignedspecificallyfor a given
system. For example,Clark, et al., discussmicrocodehistogramhardwarefor the VAX 11/780and
8800[CLAR83,CLAES85,CLBK88]. The histogramcountsdeterminemany cacheperformancenetrics,
including cache miss frequencies,misses per instruction, and cycle time effects on the average
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instruction. Wood describeghe embeddedSPUR monitoring hardware which also measuresnany
cacheperformanceametrics,but is aninternal part of the SPURcachedesign[WooD90], ratherthana
plug-in measuremerdevice.

Hardwaremonitorsgive the mostaccuratecacheperformanceesults,but they are costly andcan
only measureexisting cache configurations. It is extremely useful to test a range of cache
configurationssincetrendsand fundamentalcacheperformancdactorscan be determined. Hardware
monitoringmay not be a cost-effectivaalternativefor the analysisof awide rangeof configurations.

2.4.2. Analytical Modeling

Analytical modelingis much lesscostly than hardwareperformancemonitoring, andis flexible
enoughto estimateperformancever a wide rangeof configurations. Streckershowsthat simpleequa-
tions canpredictcachemissratioswith differentprocesswitching[STRE83]. Haikalaestimatesache
performancewith processswitching using a Markov Chain model, given the LRU stackdistribution
[HAk 84]. Smith and Goodmanusea loop referencemodelto predictinstructioncacheperformance
and show that set-associativitycan be better that full associativity[SMIG85]. Thiebautand Stone
developanalyticaltechniquego estimatethe cachefootprint left by an executingprocessfor usein
predicting cache performancewith processswitching [THIS87]. Voldman, et al., [VOMH83] and
Thiebaut[THIE88, THIEBI] showthat fractal analysiscan predict cacheperformance.Agarwal, et al.,
developa modelthat countsstart-up nhon-stationaryandinterferenceeffectson cacheperformancessti-
mates[AGHHB89]. Singh, et al., use empirical curve-fitting to predict cacheperformanceSIST88].
Higbie developsa cacheperformancenodelbasedn rules-of-thumiHIGB90].

The problemwith thesemodelsis thatit is difficult to establishconfidencen their resultswithout
direct comparisonto more accurateresults. Analytical modelsare most useful when they increase
understandingaindintuition. For example,simple rules-of-thumbsuchas “The missrate of a direct-
mappedcacheof size X is aboutthe sameasa 2-way set-associativeacheof size X/2” [HENP9O0] or
“Doubling the cachesizedecreasethe missrateby 25%" [HIGB90] aregoodfirst-cutapproximations,
evenif they are not always correct. Analytical models may not be appropriatewhen accuracyis
required,buttheyareusefulwhenmoreaccuratevorkloadmodelsarenot availableor whensimulation
time is not affordable.

2.4.3. Trace-Driven Simulation

This dissertationusestrace-drivensimulation for cacheanalysisbecausesimulation overcomes
the limitations of hardwaremonitors and analytical models. Trace-drivensimulation usesmemory
referencetraces to model cache behavior. Unlike hardware monitors, a wide range of cache
configurationscan be cost-effectively examined with trace-driven simulation. Unlike analytical
models,simulationproducesaccurateresults,at leastto the limits of the availabletraces. Hundredsof
previouscacheperformancestudieshaveusedtrace-driversimulation,including Smith’s excellentsur-
vey [SMIT82]. In the processjt hasbeenestablishedas powerful tool for cacheperformancesvalua-
tion.

Figure 2.3 depictsthe productionof trace-driversimulationcacheperformanceaesults. The idea
is to capturethe processor-memorgeferencesinderrealisticconditions thenfeedthe referencednto a
cachesimulator. Thefirst, andmostimportant,phasein the processs gatheringthe tracedatafrom a
given workload. This is doneby the trace-gatheringnechanisma componentof the tracedsystem.
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The tracedatadescribegshe memoryreferencebehaviorof the processorand may be storedfor later
use. Thesimulatorsof the secondphaseaecreatahe memoryreferencesisingthetracedata.

Workloads

Memory . TracedSystem

Traceg(OnTape)

Simulator

\Z4

Results
Figure 2.3. Trace-Driven Simulation.
This figure showsthe majorcomponent®f anytrace-driversimulationstudy.

The secondphaseof trace-drivernsimulationis the generatiorof simulationresultsusingthe pre-
viously capturedtracedata. Note that while the tracedatais gatheredonly once,it canbe usedoften.
The simulator interprets the trace data and gives cache performanceresults for desired cache
configurations. It extractseachreferencerom the traceand submitsthemto the simulatedcache just
astherealreferencesre submittedto the real cache. The simulatorstepsthroughthe actionsthat the
cachethe cachewould execute so the cacheperformanceestimateof the simulatoris an accuratendi-
catorof cacheperformancdor the tracedworkload. By varying the simulatedcacheconfigurationthe
simulatorcancapturethe performancef manycaches.

The nexttwo subsectionslescribepreviouswork relatedto the tracegatheringand usagephases
of trace-driversimulation.

2.4.3.1. Gathering Address Traces

It is unfortunatethat the most important componentof any trace-drivensimulation study, the
tracesthemselfreceivesolittle attentionin the literature. Any trace-driversimulationis only asgood
asthe traces;it is importantto gathertracesthat properly characterizeéhe workloadsof the simulated
machine. Although all sequencesf memoryreferencegendto exhibit locality of referencethe exact
memoryreferencebehaviorcontainedn atracehasa large effect on cacheperformance.Clark, et. al.,
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showthat trace-drivensimulation performanceestimatescan be optimistic becausecompletememory
referencebehavioris not availablein the traces|[CLAE85]. Smith warnsthat trace-drivensimulation
resultsvary greatlyfor differentarchitecturesndworkloads|SMIT85]. It is usefulto obtaintracesfrom
avariety of workloadsto determinetheir differencesandcacheperformanceffects.

Many traceshave beengatheredby either simulating architecturalbehavioror steppingthrough
the executionof a programusing operatingsystemfacilities to control the executionof a program.
Entriesarewritten into the traceat eachexecutionstep,correspondingo programexecution. The sim-
plicity of thesetechniquess useful,butit is time-consumingo gatherthesetracesandmay bedifficult
to include operatingsystemor multiprogrammingreferences.Agarwal, et al., arguethat hardware
microcodemodificationscanbe an effectivemechanisnto gathertracesthatincludeall referencesyiser
and operatingsystem[AGSH86 AGAR87,AGHH88]. Altered microcodewrites out trace entriesfor
eachexecutedinstruction. Sincethe hardwaremechanisnrequireslittle softwaresupport,operating
systemreferenceganbetraced. Agarwal, et al., showtheimportanceof operatingsystemreferences$o
correctly predict cacheperformancepperatingsystemreferencesare significantly different from user
referencesthey may increasethe cachemissesin trace-drivensimulationby 50% [AGHH88]. While
this is an importantachievementthe difficulty is that the microcodemodificationscan be expensive,
inflexible, andareonly usefulfor microcodedmachines.

Borg, et al., developedan alternativetracing techniquethat usescodemadificationto trace pro-
grams[BoKL89,BoKW90]. The applicationcodeis modifiedto outputtrace dataat specificpoints.
The main advantageof code modification is that it can be implementedentirely in software, no
hardwarechangesarerequired. This mechanisngatheredhe multi-billion-instructiontracesdescribed
in Chapter3. Properlyinterleavedmulti-processracedatacanbe collectedby codemodificationwith
operatingsystemandcompilersupport. With the codeof the operatingsystemalsomodified,operating
systemreferencescan even be gathered. Using similar technigues,Stunkel and Fuchs collect and
analyzemulticomputertraces[STUF89,STJF91]. Eggers,et al., [EGKK90] describea tracing scheme
that (using compiler dataflow analysis)requiresfewer trace entriesthan the two previousschemes,
similar to the Abstract Execution of Larus [LARU90]. PFC-Sim also eliminates many entries
[CAKP91]. The advantagef fewertraceentriesis lower tracestoragerequirementandlessexecution
time distortion. The disadvantagés thattracedatainterpretatioris morecomplex.

Much tracedatastorageis requiredto collect the long tracesneededo analyzemulti-megabyte
caches. Samplesintroducedan effective compressiortechniqueto reducetrace datastoragerequire-
mentswithout information loss [SAMP89]. It combinesZiv-Lempel [WELC84] compressiorwith dif-
ferencingof the tracedata,giving dramaticstoragespacereductionsfor traces. A variantof this tech-
nigque,describedn Chapter3, compressethetracesusedin this dissertation.

Techniqueswith informationlosscanalsoreducetracedatarequirements.Smith’s stack deletion
and snapshot method [SMIT77] eliminate much trace information with only small effects on fully-
associativesimulation results. Stack-deletioneliminatesmany referencego the most-recently-used
items, while the snapshomethodeliminatesmanytime-contiguouseferences.The ideais that many
most-recently-usedr time-contiguoustemswill hit in the cacheanyway,so thereis no needto simu-
late them;all thatis neededs a properestimateof the numberof missedn atrace. Puzak’strace (tape)
stripping [PuzA85] is stack deletion (restrictedto one most-recently-usedtem) for set-associative
caches.Referencesare strippedaway by simulatingthe full traceon a small direct-mappedacheand
recordingonly the misses. Puzakshowedthat, providedsomerestrictionsareupheld,the strippedtrace
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producesthe samenumberof set-associativeachemissesas the full trace. Wang and Baer subse-
quently extendedtrace-strippingfor write-backs and multiple block sizes [WANG89,WANB90].
Agarwal and Huffman introducea techniquethat eliminatesreferencedy exploiting spatial locality
[AGAH90].

Samplingtechniquesalsoreducetracedatarequirements.Their costis alsoan informationloss.
Puzakintroducedset sampling (congruenceclasssampling),which eliminatesall full tracereferences
exceptthoseto the sampledsets. The sampledsetsestimatethe performancef all cachesets. Laha, et
al. [LAPI88] advocateime sampling, usingmany shorttime-samplef a full traceto estimatecache
performance.Individual time-samplescan be statistically combinedto producea picture of the full
trace. Chapterd analyzedothsetsamplingandtime samplingin detail.

2.4.3.2. Cache AnalysisUsing Address Traces

Many previousstudiesof uniprocessorcacheperformanceusedaddresdraces,far too manyto
referencghemall in this document. For one example the first paperdescribingthe detailsof a CPU
cache,the one describingthe IBM 360 Model 85 cache[L1PT68], included trace-drivensimulation
resultsto validatetheir designchoices. In anotherexamplestudy, KaplanandWinder showthe perfor-
mancetradeoffsof different cacheconfigurationgdKAPW73]. A milestonein CPU cacheresearchwas
reachedwith the surveyof Smith [SMIT82]. This surveyexaminegnanybasicaspectof cachedesign,
including replacemenpolicy, write policy, block size,andvirtual versusrealindexing. The block size
analysiswaslater expandedSmiT87]. Smith alsopresentsan extensivebibliography[SMIT86] of stu-
diesonthetopic of CPU cachesmanyof thesepapersaredescribedn his survey.

Eastonand Faginpoint out a dangerof trace-drivensimulation:the cold-startproblem[EASF78].
When tracesare short, cacheinitialization effectsmay dominateperformanceparticularly with large
caches.Sincethe multi-megabytecachesonsideredn this dissertatiorexacerbatéhe cold-startprob-
lem overthat of smallercachesChapters3 and4 pay particularattentionto cold start. Exceptin Sec-
tion 4.3, all missfrequencyresultsgivenin this dissertatiorarecold start,thatis, they assumehe cache
startsfrom the empty stateat the beginningof a simulation. Cold-startbiasesthe resultsby at mosta
few percentecausehetraceshatareusedareverylong.

Recentstudiesby Hill [HILL87,HiLL 88] and Przybylski, et al. [PrRzY88,PRHH88] characterize
the performanceof various cacheconfigurations. They point out that higher associativitydoesnot
necessarilymeanbetterperformancesincemore associativitymay increasehetime it takesto retrieve
datafrom the cache. Hill andSmith [HILS89]furtheranalyzeassociativityby classifyingmissesasone
of threetypes:conflict, capacity,or compulsory. Conflict missescould be eliminatedwith higherasso-
ciativity andserveasa measuref the potentialusefulnes®f associativity. Capacitymissesaredueto
limited cachesize,and compulsorymissesare dueto the first referencego cacheblocks. Przybylski
hasalsoexaminedheimpactof differentblock sizesandfetchpolicies[PrRzY90].

Przybylski,etal. furtherpoint outthatthereis alimit onthe averagespeedhits andmisses}hat
canbe achievedwith a singlelevel cache[PRHH88]. While largercachesavefewer missestheyare
slower. Beyondsomepoint, multi-level cachingis requiredto improveaverageaccessime.

Short and Levy presentsimulation resultsof multi-level cacheconfigurations[SHOL88]. The
resultsshowthatmultiple levelscachegjive goodperformanceandthatwrite-backcachesmaygive the
highestperformance.Baer and Wang [BAEW88] presentthe necessaryequirementdo implementa
very restrictiveform of inclusion in a cachehierarchy. The studyof multi-level cacheconfigurationsy
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Przybylski, et al., [PRHH89] points out that the frequencyof cachemissesin a secondarycacheis

largely independenbf the lower level cachegprovidedthe cacheis sufficiently large comparedo the

sizeof the upstreancachegabouteighttimes). They alsomentionthat secondarycacheseednot be

asfastasprimary cachegsincethey arenot accessedn all memoryreferences) Higher associativity
andlargercachesizeis moreusefulin secondarycachessinceslowerdatawithdrawal canbe tolerated
to reducethe frequencyof misses. Slow implementation®f associativitymay evenbe usefulin secon-
darycachesaspointedout by Kessleretal., [KEJL89]. Wang,etal.,[WABL89] presenbrganizational
details and simulation results of a multi-level virtual-real cachehierarchythat maintainsinclusion.

Borg, et al., presensimulationresultsof multi-level cacheconfigurationswvith multi-megabytecaches,
andshowthatlong tracesare usefulfor the analysisof large cachedBoKL89, BoKW90]. Mogul and

Borg further considerthe costsof contextswitching in large cachesfM0oGB91]. Bugge, et al., also

analyzedesignconsiderationsf largecacheg§BuKB90]. Mudge,etal., alsodiscusssomecachedesign
consideration®f a high-performanceiniprocessofMuBB91,0LMB91]. Chapters discussesnany of

thesedesignconsideration$or multi-megabytecaches.

2.5. Cache Performance Metrics

With a multi-level cachehierarchy,an analysisof the performanceof the configurationcan be
difficult becauseherearemanycomponents. Eachcomponenof the memorysystemhasanimpacton
overall performancethus,a performancenetric that canisolatethe effectsof eachis needed.Optimi-
zation of the performancemetric alsoshouldcorrespondo minimizationof the total executiontime of
theworkload.

Figure 2.4 depictsthe relationshipbetweerfour different cacheperformanceametrics. Miss ratio,
the cachemissesdivided by the numberof timesthe cacheis referencedis the mostcommonlyused
one. Missratiois a simpleandintuitive measuref the way a caches performing. Unfortunately miss
ratio is ofteninadequatdor optimizing cachedesignsminimal missratio doesnotimply maximalper-
formancebecauseanissratio doesnot factorin cachetiming parameterghit andmisstimes)andusage
frequency(how oftenthe cacheis referenced).

Effective accesdime is a measureof the averageamountof time requiredto accessa memory
locationusinga cache. It addstiming informationto the missratio estimate. Effective accesgime is a
superior metric to compare different cache configurationswhen the timing changesfrom one
configurationto the nextone:alower effectiveaccessime implies betterperformance.

Thougheffectiveaccesdime curesoneproblemwith missratio, it alsomaybeinadequatepartic-
ularly for cacheconfigurationswith multiple cachedike the multi-level cachehierarchyexaminedin
this dissertation. The problemwith effective accesgime is thatit doesnot considercacheaccesdre-
quency. Consequentlyjt may not gaugethe effect of a cacheon overall systemperformance.For
example a secondargachemay havea considerablyhighereffectiveaccesgime thana primary cache.
This doesnot meanthatthe secondargachesareperformingmore poorly thanthe primary caches.On
the contrary,secondarycachemissesmay still havea smallereffect on the executionspeedof the pro-
cessoibecauséehe primary cachesarereferenceanuchmorefrequently.

This dissertationusesthe performancenetricsshownon the right side of Figure 2.4, misses per
instruction MPI andstall cycles per instruction SCPI, becauseahey correctlyfactorin the frequencyof
the cacheaccessesThis is essentiaWwhen consideringthe multiple cachesof a multi-level hierarchy.
SCPI measureshe averagampact of cachemisseson the executionof eachinstruction. SCPI is one
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Figure 2.4, Cache Performance Metrics.
This figure showsthe relationshipbetweerfour alternativecacheperformancemetrics.

componenineededo estimateCPlI, or the averagecyclesrequiredto executeeachinstruction. (Hen-
nessyand Pattersoruse SCPI to calculateCPI in this way [HENP90].) It putseachof the instruction,
data,andsecondarycachesn their properperspectivan the hierarchyasawhole; it allowsthe perfor-
manceeffectseachcacheto be comparedvith the othercachesandwith alternativeimplementation®f
thesamecache.

Chapters3 and4 focuson techniquedo estimateMPI. MPI is importantbecauset, alongwith
timing information, is neededo calculateSCPI. Chapter5 addsin timing to the MPI estimatespro-
ducing SCPI, so that alternativecachedesignscanbe compared. This dissertatiorthen reversestself
(from a metrics standpoint),and Chapter6 focusesagainon MPI. Chapter6 considersonly software
techniquego improve cacheperformancethe timing analysisis not requiredbecausesoftwarecannot
changehehardwardiming.

This dissertatiorusesa simple SCPI calculation. EachCPU cachein the hierarchyaddsa com-
ponentto thetotal SCPI:

SCPI; = MPI; x Tmiss. (2.1)

MPI; is the missegperinstructionfrom cachel andTmiss is the averagdime takento servicemiss(in
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cycles)in cachei, themiss penaltys. Thetotal SCPI for a hierarchicalcacheconfigurationis:

SCPI = > CPI; (2.2)
i OHIERARCHY
with i rangingoverthe cachesn the hierarchy. For thetwo level configurationin this dissertation(Fig-
urel.lontheright):

SCPI = SCPIl cacHe + SCPIpcacHe + SCPlscacHE-

It measureshe averagecycleslost becausef cachemissesanimportantcomponenof the execution
time of atracedworkload. SCPI is closelyrelatedto the CMC of [BUKB90]. Ideally, SCPI shouldbe
smallrelativeto the averagecyclestakento executesachinstruction,sothe processospeedietermines
the executionspeed.With a high SCPI, systemspeedwvould be dominatedoy the memorysystemper-
formanceratherthanthe processoperformance.

Note that the calculationof SCPI; in Equation2.1 assumes constantmiss penalty. This is an
approximationof the true effectsof eachmiss. In particular,the costsof write-backsarenot modeled.
A write-buffer thatperformsthewrites*in the background”is assumedit allowsthe processoto con-
tinue while the write is being completed. Without a write buffer, the performancédoss from dirty
missesvould be highersincethedirty block needgo beremovedbeforethe newoneis fetched. With a
write-buffer, the processoneedonly stall whenthe write-bufferis not successfuin hiding the latency
of thewrite. In the SCPI calculation,a perfectwrite-bufferis assumed.This assumptioris realisticfor
largewrite-buffers[PRHH89].

Theweaknessvith this calculationof SCPI is thatit doesnot countsomeimportantmemorysys-
tem performanceeffects. For example /O latenciego supportvirtual memoryareneglectedo restrict
the scopeto CPU cacheperformance.SCPI may include miss latenciesthat could be eliminated by
overlappingwith otheroperations.This dissertatiordoesnot considedockup-freecacheswhich allow
misslatenciesto be overlappedvith othercachehits [KROF81,S0oHF91]. It alsodoesnot considerthat
on a cachemissthe requestediatacould be returnedfirst, satisfyinga referenceearly andallowing the
processoto continueratherthanwaiting for an entirecacheblock to befetched which alsoallows miss
latenciego be overlapped.This overlappingcould makeTmiss a pessimisticestimateof the actualtime
for amiss;consequentlySCPI would be pessimistic. Onthe otherhand,SCPI alsomay be an optimis-
tic estimateof CPU cacheperformancesince contention(becausef dynamicmemoryrefresh,or 1/0
requirementsjor memoryresourcess not factoredinto Equation2.1. Thatis, queueingdelayfor main
memoryis not considered.Contentioncouldincreasehetime for a cachemiss,makingboth Tmiss and
SCPI optimistic.

Despiteits shortfalls, SCPlis a powerful CPU cacheperformanceanalysistool for multi-level
cachehierarchies.First, it is simple,andcanbe calculatedwith only the MPI and Tmiss of eachcache
in the configuration. SCPI abstractsnanyimplementatiordetailsof a real system. The resultsare not
dependentntheissuerateof the processorfor example sotheyareequallyvalid for asuperscalapro-
cessolasonethatcanonly issuea singleinstructionpercycle. Despiteits abstractionSCPI is areason-
able estimatorof the overall performanceof a given CPU cacheconfiguration. Another advantages
thatbreakingSCPI into its constituentssolatesthe importanceof eachcomponento the systemperfor-
manceasa whole. The relative magnitudeof eachcomponenif SCPI emphasizeshe importanceof

3. Themisspenaltyof the primary cachess thetime for a secondaryachehit.
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the correspondingachemissego overall systemperformanceandcanbe usedto direct efforts toward
performancamprovement. By abstractingdetails, SCPI allows attentionto be narrowedto the most
fundamentafactorsin cacheperformance.

In this study, Tmisscache = TMisSpcacHe = 10 cycles. Tmissgeacye Will rangefrom 30 to 200
cyclesfor different cacheconfigurationswith a defaultof 100. The defaultparametersfor example,
couldcorrespondo a processowith a 5-nanosecon¢hs)cycletime, where50-nsis requiredto transfer
a 32-byteblock from the secondanyto the primary cachesand 500-nsis requiredto transfera main
memoryblock of 128-bytedo the secondargacheasdepictedn Figurel.1.

2.6. Statistical Techniques

Statisticaltechniquesreusedfor two purposesn this dissertation{(1) to measuresamplingerrors
(in Chapterd); and(2) to establishithelevel of confidencen results(Chapterd andAppendixB).

Chapterd usesseverakamplingerrormeasuremertechniguesgependingon the situation. When

thereis only a singleestimatethatis to be comparedo atruevalue,agooderrormeasuras therelative

MPl tirmate — MPI
error: (MPlesirane rie) , Where MPly; e is the true value and MPl wimate iS the estimate. When

MPlirue
therearemultiple estimatesa bettermeasuras the coefficientof variationof the estimates:

n
\/ﬁ 3 (MP1} = MPlyy)?
cV = 1=
MPlirue

: (2.3)

whereMPI; is the j-th of n estimates.This coefficientof variationis usedto measurehe averagesam-

pling errorsin this dissertationwhen all n=N out of N possible samplesare available, or when
n

% > MPI; = MPl . The coefficientof variationis the standarddeviation(or the root-mean-squared
j=1

error)divided by themean.

Whensamplingis usedin practice,MPly . is estimatedwith MPI e, = % MPI;, wheren is the
j=1

numberof estimatesgathered(n<N). To establishconfidencethat MPI yeqn Jis near MPl; e Without
knowingthevalueof MPl;, ., it is usefulto calculatea 90% confidencenterval. Chapterd and Appen-
dix B usesimple statisticaltechniquedo calculate90% confidencentervalsfor MPly e, assuminghat
the MPI; estimatesare normally distributedand independer?‘t To calculatethe confidenceintervals,
the coefficientof variationof the meanof a sampleof sizen from a (possibly)finite populationof size
N is first estimated:

.\/Lli(l\/lplj — MPl mean)?

n=1yz N-n
MPIpean VN N-1"

CVEST nean = (2.4)

This equationcalculateSCVEST qn (the estimatedcoefficientof variation of MPl ) Similar to the

way Equation2.3 calculatesCV, but it reducest by a \/—1_ factor becauseMPl oy is the meanof n
n

4. The central-limittheoremsuggestghat the normalassumptioris accuratewhenthe samplesize (n) is
Iarge,orwhenMPIj is the sumof manyrandomvariablegMILF77].
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MPI;’s. -\/H is a finite populationcorrectionfactor [MILF77], which is only neededwhenn is

closeto N, becausen othercasest is closeto one. Note that this correctionimplies that CVEST ean
approachegero as n approachedN becauseVIPl ean = MPl e Whenn =N. (This correctionis not
neededin Appendix B becauseN is very large.) If CVEST e, Were exact,the normal distribution
would be directly usedto estimateconfidenceintervals, but since CVEST, s, iS an estimate,the
student-tdistributionis used. Using the student-t MPly e is boundedwith 90% confidencepelow by
MPI pean(1 — tgo%'n_1CVESI'mean) and above by MPlean(1 + tgo%’n_l(:VESl-mean). tooven-1 is the
value of the student-tstatisticthat hasa tail of 5% (on eachend)for n -1 degreesof freedom. For
exampletggyn-1 = 1.833for n = 10. Notethatthe confidencentervalis centerecaroundMPl g, I
the MPI; estimatesare nearly normally distributed,or if n is large, MPly e will bewithin this interval
90% of thetime.

2.7. The Trace-Driven Simulation Environment

Trace-driversimulationprovidesaccurateesultsfor a variety of cacheconfigurationsputits cost
is large simulationtimes, particularly for the tracelengthsneededwith multi-megabytecaches.One
alternativefor moreefficientsimulationwould beto useanalgorithmthat producesnanyresultswith a
single passthroughthe tracedata. This algorithm, called stack simulation, waspioneeredoy Mattson,
etal., [MAGS70]. Thompsonand Smith extendedstack-simulatiorso that write-backtraffic could be
calculated,in additionto the missratio [THOS89]. Concurrently,Hill and Smith also extendedstack
simulation in severalways [HILL87,HILS89]: forest simulation gathersresults for several direct-
mappedcachesconcurrently,andall-associativity simulation simulatesmultiple set-associativeaches
concurrently. Wang and Baer combinedtheseextensionsjntroducing an all-associativitysimulation
algorithmthatproduceswrite-traffic resultsin additionto missratios[WANG89,WANB90].

Thesesimulationtechniquesanreducesimulationtimes, but they havea cost. Onedisadvantage
is their increaseccomplexity. Also, thoughstacksimulationhasbeenextendedor write-backtraffic in
additionto missratios,it still restrictsthe performancemetricsthatcanbe gatheredduringa simulation.
Another disadvantagds their large memory requirements. Memory requirementsare particularly
importantwhensimulatingmulti-megabytecachesthey canevendominateotherconcerns.

An alternativetechniquefor fastsimulationtakesadvantagef the homogeneitynherentin multi-
ple simulationsof hierarchicalcacheconfigurations.Sincethe primary cacheconfigurationis constant
throughouthis dissertationandits behavioris oftenindependenbf the secondarycacheconfiguration,
multiple secondargachesanusuallybe simulatedwhile simulatingthe primary cacheonly once. Fig-
ure 2.5depictsthis idea. Sincethe primary cachesatisfymostof the referencesmostof the simulation
time is spenton the primary caches. Eliminating thesesimulationsis a big savings. Many secondary
simulationscanbe completedwith a single primary simulation. A concernwith this implementatioris
that the simulatorrequiresa large amountof memory. This concernwasalleviatedby minimizing the
storagerequiredto simulateeachcacheblock frame. Usually, only a singleword (4-bytes)is required
per block, so evena 16-megabytesecondarycachesimulation (with 128-byteblocks)needsonly 512-
kilobytes.

The homogeneityin Figure 2.5 savesnuchsimulationtime at no accuracyloss. The sameeffect
could be extractedby savingprimary cachemisses(and write-backs!) when simulatingonly the pri-
mary cachesand later simulatingthe secondarycachesusing the savedreferences.This extractionis
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Figure 2.5. Simulation of Homogeneous Hier ar chical Configurations.

This figure showsthe structureof the simulator. A single pair of primary cachess simulated ratherthan
one for eachsecondaryconfiguration. The secondarycachereferencegfrom primary cachemisses)are
submittedndependentlyo eachsecondarycache andresultsareobtainedfor each.

cumbersomevhentherearemanyintermediatedracesasis truefor the simulationsin Chapteré, where
eachtraceis modified by many differentvirtual to real addresdranslationsproducingmany different
traces. Anotherproblemwith savingthe intermediatetracesis that primary cachesimulationsare not
alwaysthe samefor all hierarchicalconfigurations.For example whenenforcinginclusionbetweerthe
primary and secondarycachelevels (seeChapter5), the primary cachebehaviorwill be different for
eachsecondarycache,anda brute-forcesimulationof eachtwo-level configurationis requiredfor pre-
ciseresults. The simulatorin Figure 2.5 can adaptto the inclusion caseby simulatingonly a single
secondarycacheconfigurationwith eachprimary cachesimulation,while anintermediateraceis com-
pletely inadequatdor this case. Alternative techniquesieedto be usedto speedup simulationswhen
thereis no primary cachehomogeneityfor differentsecondargaches.

Parallelismacrosssimulationsfurtherreduceghe simulationtime beyondthe homogeneityof pri-
mary caches.To usethis effectively, multiple processorsarerequired. Fortunately the University of
Wisconsinhasa powerfultool thatallowsidle workstationgo be used,called Condor[LILM88]. Con-
dor monitorsall the workstationsin the ComputerScienceDepartment.Userssubmitjobsto Condor,
andthe jobsareexecutedvhenanidle workstationbecomesvailable. Exceptduring peakhoursof the
day, Condorwas consistentlyable to provide accesgo more processorshanwas neededo complete
the simulationsneededor this dissertation. The only interruptionsin serviceoccurwhenusersreturn
to idle workstations,in which caseCondorretreatsto a previouscheckpointand restartsthe job on
anotheiridle workstation.

Figure 2.6 depictsthe parallel condor configuration. The arrows show the trace dataflow. A
monitor processon the single homeworkstation(Ham-And-Cheesegontinuouslyreadstrace dataoff
tapeandstageqcaches)t in adisk. While executingon idle workstationsthe simulatorsreadthetrace
dataoff the stagingdisk andacrossthe networkto do the simulations. The monitor processnanages
the synchronizatiorsothatthe correcttracedatais stagedalways.
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Figure 2.6. Parallel Simulation with Condor.

This figure showsthe architectureof the paralleltrace-drivensimulationenvironmentwith Condor. The
arrowsshowthetracedataflow.

As many astwenty idle workstationscan be usedwith the Condorenvironmentshownin Figure
2.6. Usingthe primary cachehomogeneityoptimizationwith the parallelismof Condor,resultsfor hun-
dredsof hierarchicalconfigurationscould be gatheredn nearlythe sameamountof time neededor a
single naive simulation. A large bottleneckin this parallel designis the single processotthat is the
sourceof the tracedata. Readingthe dataoff the stagingdisk and transferringit over the network
requiresmuch computation. Most often, however this did not limit the simulationspeed. The biggest
bottleneckwasthe singletapedrive. It wasnot feasibleto usemanualinterventionto switch tapes,so
eachtapewould monopolizethe tapedrive for extendedperiods. Sinceonly a singletracewasstored
on eachtape,all simulationsrunningat the sametime hadto usethe sametracedata. Often,therewas
not enoughparallelismwithin a single traceto utilize the parallel Condorsystemfully. Simulations
usingonetapehadto be completedheforethe nexttapewasinsertedto starta newbatchof simulations.

This parallelsimulationenvironmentvasextremelyuseful.Without it, manyresultsin this disser-
tation would not be available. Severalyearsof simulationwere condensedo a few monthswith Con-
dor.

2.8. Conclusions

This chapterfirst definesand describeskey definitions of virtual memory and cachesused
throughoutthis dissertationtogetherwith the assumediefaultparameters.Then,it surveysthe state-
of-the-artresearchregardingcacheanalysisanddesign. Sincememorysystemperformancéiassucha
dominanteffect on overall systemperformancejt hasbeenexaminedby many previousresearchers.
The importanceof trace-drivensimulation has beenestablished. This dissertationusestrace-driven
simulationextensively;it overcomeghe limitations of previoustrace-driversimulationstudies. In par-
ticular, Chapter3 discussedracesthat removethe length and size limitations of previoustraces,and
Chapter4 examinedrace-samplingechniqueghat canreducetrace-driversimulationresourceequire-
ments.
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This chapterdescribeghe cacheperformanceanetricsusedthroughoutthis dissertation.In partic-
ular, it introducesMPI and SCPI as metrics that take into accountthe frequencythat a cacheis
accessed.This is important for comparisonand performanceoptimization with multi-level cache
hierarchies.SCPI further considerghe timing informationneededor comparisorof alternativecache
configurations.This chapteralsodiscusseshe statisticaltechniquesisedin Chapterst and6. Finally,
it describesa paralleltrace-drivensimulationenvironmenthat allows for rapid accumulatiorof trace-
drivensimulationresults. The environmenallows hundredf simulationsto be completedn thesame
time that only a single simulationcould otherwisebe completed. Chapterss and 6 could not be com-
pletedwithout the simulationcapabilitiesdescribedn this chapter.



22

Chapter 3

Long TracesFor CacheAnalysis

3.1. Introduction

Many current(1991) tracesare too short. Tracescontainingone million memoryreferencesor
lesshavebeenusedto analyzesystemswith cachesof 128-kilobytesor more, stretchingthe ability of
thetracesto provideaccurataesultsbhecausdarge cacheinitialization takestoo long. This chapterstu-
dies the creationand usageof tracescapturingbillions of instructions. Thesetracesovercomethe
length limitations of many previoustracesand are useful in analyzing the performanceof multi-
megabytecaches.

This chapterbuilds on the trace-gatheringmechanismdevelopedat The Western Research
Laboratory of Digital Equipment Corporation [BOKL89,BoKW90]. This mechanismuses new
software-basetechniquedo gathermassiveamountsof tracedata. Tracecompressiorns addedto the
tracegatheringmechanisnso that evenbillions of instructionscan be efficiently storedon tape. The
tracescomefrom memoryintensive(by the standardf today)workloads,with a working setof 40-
megabytedo 100-megabytesThis chaptershowsthat the tracesare suitablefor the analysisof caches
up to 16-megabytedecausdhey overcomecacheinitialization and capturemany programexecution
phases.

Section3.2 of this chapterdiscusseshe tracegatheringmechanisnmandissuesrelatedto it, with
the tracecompressiortechniquesutlinedin detail. Section3.3 presentshe tracedworkloads. Section
3.4 showsgeneralcharacteristic®f the traces,including miss frequenciesof multi-megabytecaches.
Section3.5 showsthat long tracescapturemany phase<f executionthat introducesubstantialvaria-
tionsin cacheperformancegvenover executionintervalsof 100 million instructionsor more. By cap-
turing thesephasesl|ong tracesaccuratelycharacterizeghe entire executionof a workload, ratherthan
just a portion of the execution. The same section also showsthat a trace of a billion or more
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instructionsmay be neededo initialize multi-megabytecacheconfigurationdully.

3.2. TheTrace Gathering and Storage M echanism

Thefirst partof this sectiondiscusseshe mechanisnusedto collectthe tracesusedin this disser-
tation. The sectionthendescribeghe datacompressioriechniquesisedto minimize the storagespace
requiredby thetraceslt alsogivestheformatof the storedtracedata.

3.2.1. GatheringLong Traces

Whengatheringmemoryaddresdracesthe endgoalis to extractanaccurataepresentationf the
memoryreference®f anappropriatewvorkloadefficiently. A large partof the difficulty of this process
is to capturethe tracewithout distorting the true characteristicof the workload. One would like to
includeall referencesn thetrace,userandoperatingsystem. This givesthe mostrealisticcharacteriza-
tion of systemmemoryreferencébehavior.

It is difficult to gathertracegthatincludeall references Oneway is to simulatethe system. Given
the sourcecodefor the operatingsystemandthe capabilityto simulatethe hardwarethe entire execu-
tion of the systemcould be simulated. This simulatorcould thenbe modifiedto write tracedatacaptur-
ing the memory referencebehaviorof the simulatedprocessor.While it is possibleto build sucha
simulator,it would be complex,andit would run muchslowerthantherealmachine. Properlysimulat-
ing time-dependergvents suchasinterrupts,could be difficult.

Hardwaretracingschemesangathertraceswith lessexecutiontime distortion. A goodexample
is the ATUM (AddressTracingUsing Microcode)schemgAGSH86]. ATUM modifiedthe microcode
of aDEC VAX"® processosothatentriesarewritten into atrace buffer aseachmemoryreferenceexe-
cutes. Thesehardwaremodificationsdistort the executionspeedf the processoby only a factorof ten
when tracesare gathered. While ATUM can quickly gathertracesthat closely representthe true
memory referencef the processora seriousrestriction of the ATUM approachis the finite trace
buffer, which limits thelengthof the tracesthatcanbe gathered.This techniquegatheredracesof only
500,000memoryreference$AGSH86]. ATUM is appropriatewith microcodedprocessorsvhenthese
lengthsare adequatebut it is inadequateor the tracelengthsrequiredwith multi-megabytecaches.
The most critical deficiency of ATUM, however,is that it is completely unacceptabldor an un-
microcodedorocessorasin this study.

Anita Borg and David Wall at DEC WesternResearch. aboratory(WRL) developeda software
technique(morecompletelydescribedoy Borg, et. al [BOKL89]) to gathertracesfrom the WRL Titan
[NIEL86], a “RISC” machine. The Titan runsa modified versionof the Unix® operatingsystem. The
mechanisnmusedto gatherthetraceswascodemodification. Changesveremadeto the systemsoftware
of the Titan, namelythe operatingsystemandthe compiler,to gatherthe traces. The compilercreates
traceableversionsof applicationswith a specialflag. This specialcompilationmodifiesthe codesothat
specialprocedurestrace procedures, executeat appropriatgpoints. Theseproceduresvrite information
in atracebuffer (of 32-megabytesdo thatthe memoryreferencebehaviorof the given programcanbe
reconstructed.Figure 3.1 showshow the expandedcodewrites traceentriesat the beginningof each
basicblock of instructiond andbeforeeachload andstore. Sinceloads,stores,andinstructionfetches

5. Digital EquipmentCorporationTrademark.
6. AT&T Bell LaboratoriesTrademark.
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arethe only memoryreferencesnadeby the Titan, eachmemoryreferencds accountedor, thoughthe
exactpositioningof loadsandstoreswithin basicblocksis not specifiecby thetracedatd’.

Ori gi nal Code:
| ocl: Load R3, 12(R5)
Sub R5, R5, R2
Add R4, R4, R3
Store 8(R5), R4
Branch R5,10c3
| oc2: Sub R6, R6, R2

Expanded Code (Synbolic):

new_| ocl: Call Trace_lnst(5,1o0cl)
Call Trace_Load((R5)+12)
Load R3, 12( R5)
Sub R5, R5, R2
Add R4, R4, R3
Call Trace_Store((R5)+8)
Store 8(R5), R4
Branch R5, new | oc3

new | oc2: Call Trace_lnst(8,1o0c2)
Sub R6, R6, R2

Figure 3.1. Code Expansion For Tracing.

This figure showsan exampleof the codemodificationsof a hypotheticalmachinethat would occurwhen

tracing an applicationby code modification. The original codeis at the top and the traceablecode is

below. Traceablecodeon the Titan is abouta factor of two larger than the original code and executes
abouttentimesslowerwhentracing.

Tracingby codemaodificationretainsmanyadvantagesf the ATUM tracingtechniquejncluding
amodestexecutiontime distortionof only a factorof 10, sincecodemodificationonthe Titan is similar
to microcodemadificationon the VAX. Both tracing mechanismsvrite informationinto a fixed size
tracebuffer to reconstructhe memoryreferencebehaviorof the processor.All traceduserprocesses
write in the sametracebuffer; the traceis orderedin the sequencé¢hatthe memoryreferencegxecute.
The differenceof this techniquefrom ATUM is that modified codeis moreflexible andcando many
morethingsthanthe modified microcode. Carefully craftedtrace procedureswith the modified Titan
kernel,managehe synchronizatioramongdifferent processesvriting in the tracebuffer, ensuringthat
the tracereflectsthe true usermemoryreferencepatternof the processounderreal systemworkloads.
This mechanisngatheredracesincluding the properexecutioninterleavingof multi-procesgeferences
for this dissertation.A laterversionof the mechanisntouldtraceoperatingsystemreferencesanduser
referencedy code-modifyingthe operatingsystemto write in the sametrace buffer. Unfortunately,
this featurewasnot availableat the time thesetraceswerecollected. Thetracesusedin this dissertation
includeonly userreferences.

7. A basicblock of instructionsis a contiguousblock of instructionsthatarealwaysexecutedn sequence.
Eachblock hasa singleentry pointanda singleexit point.

8. The positioningof loadsandstoreswithin a basicblock could be determinedyy analysisof the source
code,but no attemptwasmadeto do so.
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The ability of the Titan compilerto do instructionschedulingandregisterallocation[WALP87]
allows traceablecodeto be generatedria a flag to the modified compiler. The compilerautomatically
insertsbranchedo tracecodeat the properpointsto write thetrace. Althoughthe codeof a tracedpro-
gramincludesthe codeneededo write to the tracebuffer aswell asthe original code,the basicblock
trace entries do not include any effect of the instructionsinsertedfor tracing. That is, the code
addressem the tracebuffer arethosethat would havebeenexecutedy the untracedorogram,though
thecodesizeincrease®dy afactorof two. This modified-coddracingmechanisms similar to thatused
by Stunkeland Fuchs[STUF89], Eggers,et al. [EGKK90], andLarus[LARU90]. SinceTitan instruc-
tions canonly be oneword, basicblock traceentriesneedonly containthe beginningaddressandthe
numberof instructionsin the block. Loadsandstoresrequireonly a singleword in the tracebuffer to
storetheaddres®f thememoryaccess.

Similar to the ATUM tracingtechniquethe size of the tracebuffer limits the lengthof a contigu-
oustrace. Sincea single trace buffer cannothold long enoughtraces,it is necessaryo concatenate
many shorttracesto producea long trace,aspicturedin Figure3.2. As the tracebuffer becomedull,
the operatingsystemstopsthe tracedprogramsandstartsan analysis program to readthe tracedataout
of the buffer. Oncethe analysisprogramcompletesthe tracedprogramscontinueexecutinguntil the
tracebuffer is againfilled. The difficulty in this concatenatiorof tracesis to maintainthe fluidity (or
seamlessnessf the trace. Thatis, the concatenatedraceshouldlook asif it were a traceextracted
from a single (infinitely large)tracebuffer. The Titan operatingsystemmaodificationsmaintainfluidity
becausdraceduser programsdo not executewhile the analysisprogramreadsdatafrom the trace
buffer. Oncethe tracebuffer emptiesthe tracedprogramscontinuetracingfrom the point wherethey
stoppedwhen the trace buffer becamefull, so the concatenatiorof consecutivetrace buffers gives a
continuoudracethatcanbenbillions of instructionsor more.

SystemExecution
|, Trace |, AnalysisProgram .|, Trace
C T i 7]

CompositeTrace
Figure 3.2. Concatenating M ultiple Trace Buffers.
This figure showsa single multi-billion-instruction trace resulting from the concatenatiorof many trace
buffersworth of data. Systemexecutionconsistf periodsof tracedatagatheringinterleavedwith execu-
tions of the analysisprogram. The analysisprogramconcatenatesonsecutivearacebuffersinto a single
contiguoustrace. Operating System support minimized the distortions introduced by the time-gaps
betweenthetracing.

3.2.2. Storing Long Traces

A versionof the analysisprogramwrote the tracedatato tapestoragefor later use. To minimize
the amountof storagerequiredby the trace data,the datawas compressedbeforeit was stored. The
compressionusedtechniquessimilar to thoseusedby SampledSamMP89]. At no informationloss,this
methodreducedtracestoragerequirementdy an orderof magnitude. The spacerequiredto storethe
compressedracesvaried for different workloads. At the minimum, an averageof 0.38 bits was
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requiredto storeeachmemoryreferenceof the tracedworkloads. Most of the workloadsrequiredfrom
two to threebits for eachmemaoryreference.This allowed many billions of memoryreferencego be
storedon a single2-gigabytecartridgetape.

Figure 3.3 showsthat the compressiorschemeseparateinto two phasesthe preprocessingind
Unix conpr ess phases.The goalof the preprocessinghases two-fold: (1) to compressnostbasic
blocksinto single word trace entries,and (2) to preparethe tracefor the conpr ess phaseby dif-
ferencing currentaddressewvith previousaddressesRatherthanstoringan entire addressn the trace
data,a differencecanbe stored. The preprocessinghaseinsertsin the tracefor the ith addressA(i),
thedifferencebetweeraddress andaddress —1:

TE)=A()-Adi-1)

whereT (i) is thetracedifferencefor address. The decompressioalgorithmreconstructshe original
addressefom thedifferenceausingthe equation:

AG)=AQ)+ S T(),
n=1

which caneasilybe calculatedoy maintainingan accumulatoof pastvaluesof T(n), asin the follow-
ing C codefragment:

accunul ator = accurul ator + current _trace_difference;
current _address = accumnul at or;

; Compressed
Trace Preprocessing/ Unix Tr:\ce
Data Differencing Compress
Data

Figure 3.3. The Phases of Trace Compression.

This figure showsthe executionphasef the tracecompressiorprogram. The preprocessingphasecom-
binesdoubleword basicblock trace entriesinto single words and doesdifferencing. The outputof this
phases thencompressedsingUnix conpr ess, which is extremelyeffectivein reducingthe amountof
tracedataandresultsin no informationloss.

The addresdlifferencescomingfrom the preprocessinghasecanbe regularbecausef the local-
ity (both spatial and temporal) of memory references.For example,a trace of the differencesof
memoryreferencess extremelyregularwhenarrayelementsareaccesseth sequentiabrder;addresses
i,i+1,i+2,.. would be differencedas 1, 1, 1, .... The preprocessingphaseencodesall addressas
differencesregularityis the key goalof preprocessing.

Unix conpr ess is aversionof Lempel-Ziv [WELC84,ZIVL76,ZIvVL78] losslesscompression.
Thebasicideaof conpr ess isthatit compressesariablelengthinput stringsinto singleoutputcode
words. When conpr ess recognizeaninput string (by comparingit with previousinput strings),the
associateadodeword is output,ratherthanthe entireinput string. Conpr ess is a singlepassalgo-
rithm thatexecutesn O(n), wheren is its input length. The compressiomatio of conpr ess depends
onthelengthof theinput string that canbe associateavith anoutputcodeword: the longereachstring
is, the moreefficientthe coding. As shownby Samples, conpr ess is very effectivewith aninput of
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differencedtracedata. Differencinggivesa regularinput for conpr ess, soit is easierto associate
long input stringswith small outputcodewords.

The preprocessettacedatacontainsbasicblocks,loads,andstores. In the original (unprocessed)
trace data, a basic block takestwo words. The preprocessowill often compressthese<address,
instructions> pairsinto single words. the C codein Figure 3.4 showsthe algorithm usedto do this.
Each <address, instructions> pair getsan index in a fixed size, circularly managed previousbasic
block array. Whenablock s foundin the array,the full two-wordtransferis avoided,andonly the sin-
gle word indexis output. In effect, this technique(donein the preprocessinghase)s similar to those
usedin conpr ess to associateénput stringswith outputcodewords. Conpr ess is moregeneral
andcanencodevariablelengthinput strings,whereasthis schemedoesfixed-lengthencodingmaking
useof application-specifiknowledge.

struct arraystruct save_bbl ocks[ NUVBER | N_ARRAY] ;
int savei ndex = 0;

Qut put _Basi c_Bl ock_Entry(address, instructions)
i nt address;
int instructions;

{

i nt index;

i ndex = Associ ative_Lookup(address, instructions);
i f(index == NOT_SEEN)
{
i ndex = savei ndex;
savei ndex = (savei ndex + 1) % NUVBER | N ARRAY
Renove_Tabl e(i ndex) ;
save_bbl ocks[i ndex] . address = address;
save_bbl ocks[index].instructions = instructions;
I nsert _Tabl e(i ndex);
Long_Basi c_Bl ock(address, instructions);
}
el se
Short _Basi c_Bl ock(i ndex);

Figure 3.4. Basic Block Compression Code.

This figure showsC codein the compressiompreprocessinghaseto compressmost double-wordbasic
block trace entries into single words. Figure 3.5 shows the correspondingdecompressioncode.
Associ ati ve_Lookup(), Insert_Table(), and Renpve_Tabl e() functions (procedures)
managea meando match<address, instructions> pairsto anindexof the previousbasicblock arrayhold-
ing the corresponding pair associatively, through hash table [AHHU85] or other means.
Long_Basi c_Bl ock() and Short Basi c_Bl ock() passtheirargumentsaastracedatato the next
phaseof compression.

Figure 3.5 showsthe decompressionodethatcorrespondso the basicblock compressiortodein
Figure 3.4. It buildsthe arrayof previouslyseen<address, instructions> basicblocksasthey appear.
The previousbasic block array built during decompressiormprecisely mirrors the array built during
compressiorsinceit is constructedn exactlythe samemannerwith exactlythe samereplacemenpol-
icy. So,theindicesinto the basicblock array are guaranteedo indicatethe same<address, instruc-
tions> pair in both the compressiorand decompressiophasesso decompressioanreconstructhe
full tracedata.
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struct arraystruct previous_bbl ocks[ NUVBER | N _ARRAY] ;
int previousindex = 0;

Long_Basi c_Bl ock(address, instructions)
int address;
int instructions;

t
i nt index;
i ndex = previousi ndex;
previ ousi ndex = (previousindex + 1) % NUMBER | N ARRAY
previ ous_bbl ocks[i ndex] . address = address;
previ ous_bbl ocks[i ndex].instructions = instructions;
si mul at e_basi c_bl ock(address, instructions);
}
Short Basi c_Bl ock(i ndex)
i nt index;
{
si mul at e_basi c_bl ock( previ ous_bbl ocks[i ndex] . addr ess,
previ ous_bbl ocks[i ndex].instructions);
}

Figure 3.5. Basic Block Decompression Code.

This figure showsequivalentC proceduresn the decompressioalgorithmfor the tracedatato extractthe
<address, instructions> pairs from the instruction trace data. Figure 3.4 shows the corresponding
compressiorcode. Theseproceduresare called when a correspondingshortor long instructionentry is
seenin thetracedata. They call procedureshatsimulatetheinstructionmemoryreferences.

Table 3.1 showsthe eight typesof entriesincludedin the preprocessettracedata. Each32 bit
word in thetracedataincludesa threebit typeidentifier andthe restof the 29 bits hold differentinfor-
mationdependingn the entry type. Along with the shortandlong basicblock types,eachof which is
differencedtherearetwo typeseachfor loadsandstores. The preprocessopartitionsloadsandstores
dependingon whetherthey accesghe stackor the data(non-stackareasothatthe addresdlifferencing
canextractlocality within each. Differencingshouldproducea moreregularoutputstringif it takesthe
addresdglifferencedrom the samememorysegment.Whereasnterleavedaccesse® boththe dataand
stackareascould resultin large, more varying differencesthat jumpedfrom one areato another,the
differencesbetweenconsecutiveeferenceso the stack(anddata)would likely be morecloselyspaced
andregular. This splitting of dataand stackreferencesequiredthe decompressiophaseto maintain
multiple accumulatorspnefor the stackandonefor data.

The preprocessinghasealsoincludesdifferencedentriesthat denotea changebetweenuserand
kernelmode,or a changeto the TLB (TranslationLook-asideBuffer). The processois in usermode
during executionof userprogramsandkernelmodewhile the operatingsystemis executing. The trace
gatheringmechanisminsertstrace entrieseachtime the processorswitchesbetweenuserand kernel
modes. Using thesechangemodeentries,the interpreterof the trace canlearnthe addressspacethat
eachreferenceshould be interpretedin (equivalently, which processis executing),and whetherthe
referencesre from userprogramsor the operatingsystem. Softwaremanageshe Titan TLB, sothe
operatingsystemis awareeachtime it changesa slot in the TLB, andit canplaceentriesin the trace
buffer to denotethe change. The kernelnever TLB faults sinceit usesreal addressesTLB changes
only modify the virtual addressspaceof the userprocesses A changeTLB entry in the trace data
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Preprocessed Trace Entry Types
Type Description
Long A two word entry specifyingthe <address, instructions> pair describingthe tracedbasic
Basic block. The first word in the trace specifiesthe numberof instructionsin the block, the
Block secondspecifiesheword addresof the block.
Short A singleword entry specifyingan index into an array of previouslong basicblock en-
Basic tries. The index extractsthe <address, instructions> pair thatdescribes basicblock by
Block maintainingpreviouslong basicblock entries.

Load A singleword entry specifyingthe addres®f aloadto the stackarea.

2:3?; A singleword entry specifyingthe addres®f a storeto the stackarea.

f(t)aa((:jk A singleword entry specifyingthe addres®f aloadto a non-staclarea.

[S;taot?e A singleword entry specifyingthe addres®f a storeto a non-staclarea.
ata

Change | A singleword entry specifyingthat the processoichangedrom userto kernelmodeor
Mode vice-versa.lIf the processois changingto usermode,an 8-bit procesddentifier (PID) is
includedto determinethe executionenvironmenthatthe following referenceshouldbe
simulatedn.

TLB A two-word entry specifyinga changein a TLB (translationlook-asidebuffer) entry.
Change | The first word includesthe PID andvirtual pageof the TLB change. The secondword
denoteswhetherthe entry concernsthe dataor instruction TLB, whetherthe entry is to
validateor invalidatethe TLB entry, wherein the TLB the entry shouldbe placed,and
whatis thereal pagecorrespondindo the givenvirtual page.

Table3.1. The Typesof Preprocessed Trace Entries.

This table showsthe eight different typesof preprocessedrace entries. They include loads, stores,and
basicblock, andentriesto updatethe simulatedTLB (TranslationLook-asideBuffer) andchangebetween
kerneland usermodes. Addressesare virtual while in usermode, but real addressegre usedin kernel
mode.

includesthe PID (processdentifier) andvirtual pagenumberto identify a uniquepagein a givenvirtual
addressspace. When the operatingsystemvalidatesa TLB slot, the correspondingeal pageframe
numberis alsoincluded. All TLB slot changesarerecordedn the tracedataoncetracing starts. This
allows the interpreterof the tracedatato maintainthe TLB contentscorrespondindo eachtracedpro-
cess.

Unfortunately,the contentsof the TLB while tracingis not enoughto know the real addresghat
would have correspondedo virtual addressesvhen not tracing. Sincethe trace dataincludesthose
addressethat would havebeenreferencedy the untracedcode,andthe processoexecuteshe traced
code,theinstructionaddressem the tracearedifferentfrom thoseexecutedoy the processor.In other
words, the extra code insertedfor trace-gatheringlistorts the page mapping. The mappingfor the
modifiedcodeis in the TLB, butthe mappingfor the unmodifiedcodemay not be,sotherealaddresses
correspondingo the instructionvirtual addresse the tracemay not be in the TLB. This makesit
difficult, andperhapsmpossible to usethe TLB informationsuccessfullyfor virtual to realtranslation.
Systembehavior,including the virtual to real page mapping,would be different when running the
smallercodesizesof the untracedcoderatherthanthetraceablecode.

Thelong tracegatheringandstoragemechanisndescribedn this sectiongivesthe ability to trace
multi-procesauser-onlyreferencesvith little distortion,andallowsthetracedatato be efficiently stored
for lateruse. It allowedtracesof severalillions of instructionsto be gatheredandusedfor this study.
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The nextsectiondiscusseghe useof this tracegatheringmechanisnto extracttracessuitableto analyze
multi-megabytecaches.

3.3. A Description of the Workloads

In choosingwhich applicationsto trace, it is importantto keepin mind that the traceswill
influencethe configurationof future CPU caches.lt is likely that future workloadswill be muchlike
currentworkloads althoughfuture workloadswill surelyfully utilize boththe largemainmemoriesand
the fasterprocessorsuggestedn Chapterl. Futureworkloadswill executemany more instructions
andusemuchmore memoryto solve biggerproblems. This sectiondiscussesracestakenfrom work-
loadsthat predictthe largerworkloadsof future systems.

A suite of applicationsthat are large consumerof main memory (by 1990 standardsform the
baseof the workloads. All the programssolve important problems. They require large amountsof
memorybecausehe problemthey are solving is large, not becausehey are poorly written programs.
As subsequentlyshown,thesememory-intensiveapplicationscan exercisethe multi-megabytecaches
examinedin this dissertation. A cachesimulation study would be uninterestingif the workloadsfit
comfortablyin thecaches.

Table 3.2 describeghe programsthat were traced. Scientific, Computer-AidedDesign (CAD),
and Compiled Scheme(A LISP dialect) programsform the bulk of the large programs. Theseare
roundedout with someoften usedUnix utilities, including all phasesof C compilationon the Titan.
This collectionof programgeflectsthoseusedin anengineeringandresearctenvironmentheavyusers
of computerresources.Eachof theseprogramswerecompiledinto traceablecode,with full optimiza-
tionsenabledincludingregisterallocation),exceptwherenoted.

Table 3.3 showsthe combinationsof the tracedprogramsmaking up the different tracedwork-
loads. The largerprogramswereuniprogrammedvorkloadswhile the smallerprogramsweregrouped
into multiprogrammedvorkloads. The selectedvorkloadsrangefrom a scientific program(Sor), to a
SchemdLISP-dialect)program(Tree),anda multiprogrammedvorkload(Multl).

3.4. Simulation Resultsfrom the Traces

A suite of traceswere collectedfrom the workloadsshownin Table 3.3, one from eachunipro-
grammedworkloadandtwo from eachmultiprogrammedvorkload,for a total of eighttraces. Thetwo
tracesfrom eachmultiprogrammedvorkloadarethe resultof different processwitchintervals,aswill
bediscussedn section3.4.2.

3.4.1. Instruction Mix and Memory Usage

Table 3.4 showssomegeneralinstructionstatisticson the traces. The lengthsof the tracesrange
from threebillion to six billion instructions,muchlongerthanprevioustraces. Theyrepresensubstan-
tial portionsof the executionof thewaorkloads.

The fraction of instructionsthat areloadsis constantat 30% for the tracesotherthanLin, while
the fraction of storesvariesconsiderablyamongthe workloadsin Table 3.4. Excludingthe Lin trace,
the load fraction is more stablethanthe storefraction for the different workloads. This observations
consistentwith data for various “CISC” waorkloadsand architecturegSmIT85]. ThoughLin may
invalidatethe observationit seemso hold often.
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A Description of the Traced Programs
Program Description
Make A Unix programto maintain,update andregeneratgroupsof programs. The makepro-
gramgeneratedh sequenc®f compilesandloads.lt madecallsto cc, rm, andcat. Code
size:148kilobytes.

Cc The C compilerfront end. Its main purposeis to startthe C pre-processorC compiler,
Mahler Compiler,andloader. Codesize:45kilobytes.

Cpp The C languagepreprocessorCodesize:62 kilobytes.

Ccom Thefirst phaseof C compilationonthe Titan. Codesize:397kilobytes.

Mc The Titan Mahler[WALP87]Intermediatd_anguageCompiler. Codesize:877kilobytes.

Xld TheTitan loader. Codesize: 758kilobytes.

Cat Unix utility to concatenatéiles. Codesize:37 kilobytes.

Cp Unix utility to copyfiles. Codesize:37 kilobytes.

Vi/Ex Unix text editor. Codesize:361kilobytes.

Ps Unix utility to readprocessstatus. Codesize:127kilobytes.

Ls Unix utility to list directorycontents.Codesize:127kilobytes.

Rm Unix utility to removeafile. Codesize:37 kilobytes.

Tcsh Unix shellprogram. Codesize:348kilobytes.

Magic A VLSI layouteditor[OUHMS85]. Magic includesmanyfeaturesnot found in otheredi-
torsincludingdesignrule checking,routing,andplowing. Codesize:2.1 megabytes.

Grr A Printed Circuit Board Router built by JeremyDion [DION88]. Codesize: 483 kilo-
bytes.

Tv A Circuit Timing Verifier built by Norm Jouppi[Jour87]. Codesize:291kilobytes.

Sor A Successivé©verrelaxatioralgorithmcontributedby RenatoDe Leone[DEMAB88] that

usessparseepresentationsf extremelylarge matrices. It is written in Fortran,andwas
compiledwithout optimizationssincethe Fortran compiler availablewas experimental.
Codesize:98kilobytes.

Linear A programto analyzethe powersupplyof circuits by solving linear systemsf equations
via sparsematriceg STAH89]. Codesize:102kilobytes.

Tree A compiledSchem¢gBART89] (a LISP dialect) programcontributedby JoelBartlett that
builds a tree datastructureand searchedor the largestelementin the tree. The garbage|
collection methodusedby the Schemecompiler is importantto the behaviorof Tree.
The dataareais split into two halves,only one of which is usedat any giventime. Gar-
bagecollection occurswheneverone half of the dataspacehasbeenspent,causingthe
(clean) datato be transferredto the other half of the dataspace. Codesize: 406 kilo-
bytes.

Table 3.2. A Description of the Traced Programs.

This table containsa descriptionof the programsusedto collect the trace data. They consistof CAD,

scientific (Fortran),and SchemeLisp-like) programswith somecommonUnix utilities (mostnotablythe
collectionof programghatarethe C compilationenvironment). The codesizelistedis thatof theuntraced
code.

A largeportion of the variability in the storefraction canbe attributedto the overheadf saving
registersfor procedurecalls. WhereasSor performsfew procedurecalls, Treefrequentlymakesrecur-
sive procedurecalls, so Tree hasnearlytwice asmany stores. Recursioncan causeextraregisterstate
savingon a machinelike the Titan that doesstaticregisterallocationat compiletime. The valueof a
registermay needto be savedeachtime it is reusedoy a differentprocedurénstance. The loadfraction
may not vary asmuchasthe storefractionbecauseegisterestoresarea smallerportion of the loads.

The basicblock sizeis animportantmetric of the tracessincethe tracingmechanisnonly recog-
nizesa basicblock ratherthan eachinstruction. The largerthe basicblock, the moreinaccurateis the
orderingof the instructionreferencesvith the loadsand storesthoughthe orderingdoesn’tmatteras
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A Description of the Workloads

Workload Description

Multl A multiprogramworkload consistingof: (1) Make C compiling portions of the Magic
sourcecode,(2) Grr routing the DECstation3100 PrintedCircuit Board (16 megabytes)
(3) Magic Design Rule Checkingthe MultiTitan CPU chip (20 megabytes)(4) Tree
given 10 megabytef working spacesolving the sameproblemasthe Tree workload,
(5) anotherMake thatlargely consistsof a call to Xld to load the Magic objectcode(20
megabytes)and(6) aninfinite loop shell of interactiveUnix commandg cp, cat,ex, rm,
ps-aux,ls -l /* ). Thetraceskippedaboutthe first billion instructionsso the larger pro-
grams,Grr, Magic, Tree,and Xld, were ableto initialize their large datastructuresand
startusingthem.

Mult2 The Multl workloadexcludingthe XId (Make) run (5) andthe Tree program(4). Mult2
hasalower degreeof multiprogrammingandis smallerthanMult1.
Tv A uniprogram workload of Tv analyzing the timing of the MultiTitan CPU chip

[JoDB87,J0TD89]. Tv required12.5billion instructionsto completethetiming analysis.
About thefirst 10 billion instructionsbuild a very large linked datastructure. The final

2-3 billion instructionstraversethe structure. The end of the executionof Tv was cap-
turedontape.

Sor A uniprogramworkload of the Sor programdoing matrix manipulationson a 800,000by

200,000sparsematrix with approximately4 million (0.0025%)of the matrix entriesbe-
ing non-zero. About the first billion instructionscreatethe large matrices. The rest of

the programis the matrix operations. The trace capturesa portion of the matrix opera-
tions, excludinginitialization.

Tree A uniprogramworkload consistingof the Tree program. Tree hastwo major phaseghat
were traced. About the first half of the instructionsbuild a large tree structurethat
represents Unix-like hierarchicaldirectorystructure. Therestof the instructionssearch
thistreeto find thelargestmember.

Lin A uniprogramworkloadof Linearanalyzingthe powersupplyof aregisterfile. Normal-
ly, the programtries to minimize the amountof work it mustdo by combiningcircuit

structures. The tracewas collectedby disablingsomeof thesecombiningoperationgo

producea biggerproblem,possiblyreflectingthe largerproblemsof thefuture.

Table 3.3. A Description of the Studied Workloads.

This table consistsof a descriptionof the user-only(no kernel referencesyvorkloadsusedin this study.
Fourworkloadsare uniprogrammedndtwo are multiprogrammedvorkloads. The uniprogrammeavork-
loadsconsistof the largestprograms. Severalsmaller programswere groupedwith somestandardUnix
programsgo producethe multiprogrammedvorkloads.

muchbecausehis dissertatiorusessplit instructionand dataprimary caches.The averagebasicblock
sizesshownin Table3.4 representhe dynamicaveragesize,thatis, it is the averageasicblock size of
instructionentriesin the tracedata. They arestablefor the tracesotherthanSor. TreeandMult2 have
the smallestaveragebasicblock sizewhile Sorhasthelargestat over2.3timesthe minimum. The Sor
resultsare not too surprisingsince scientific programsare generallyconsideredo have larger basic
blocksthanotherprograms.

Table3.5lists the activeandreferenceamemoryfor eachtrace. The activememoryis anestimate
of the averageamountof memorythatwasactive (mappedo anytracedprocessguringthetrace. The
referencednemoryis the amountof uniqguememory(in 128-byteblocks)referencedy thetrace. The
active memoryof the tracesrangesfrom 40-megabyteso 100-megabytesThis is largefor 1990, but
may be commonfor the largememoriessoonto be available.

The total memoryreferencedy the tracesrangesfrom 7-megabytego 72-megabytes.For the
uniprogrammedtraces, the referencedmemory is always less than the memory that was actively
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Instructions Basic

Trace Block
Billions Loads Stores| Size

Multl 3.0 32% 16% 6.5
Multl.2 3.9 32% 16% 6.5
Mult2 3.6 30% 12% 6.1
Mult2.2 3.7 30% 12% 6.1
Tv 6.0 28% 11% 6.9
Sor 3.8 29% 8% 14.3
Tree 4.0 31% 19% 6.1
Lin 3.6 40% 13% 7.7

Table 3.4. Instruction Information on the Traces.

This table showsthe length of the tracesusedin this study (in billions of instructions) the fraction of in-
structiongthatareloadsandstores andthe averagebasicblock size(in instructions).

Memory (Megabytes)

Trace Active  Referenced
Multl 75 56
Multl.2 75 69
Mult2 40 58
Mult2.2 40 59
Tv 96 72
Sor 62 58
Tree 64 62
Lin 57 7

Table 3.5. Memory Requirements of Traces.

This table showsthe active andtotal memoryrequirement®f the traces(in millions of bytes). The active
memorywasestimatedoy examiningthe statusof the tracedprocessesvhile beingtraced. Thereferenced
memoryis theamountof uniquememory(in 128-byteblocks)referencedy thetrace.

availablefor the processesNote, however, thatthe activememoryof the Mult2 tracesis considerably
smaller than the referencedmemory. Since thesetracesrepresenthe completeexecutionof many
processeghetotal referencednemorycanbe largerthanthe amountof memorythatwasactiveat any
momentsinceactiveprocessesdie andnewonesrestart.

3.4.2. TheMultiprogrammed Traces

An importantstatisticof eachmultiprogrammedraceis the processwitchinterval, or the number
of instructionsthat are executedby a processbefore anotherprocessusesthe processor.Table 3.6
showsthe switch intervalsfor the multiprogrammedraces. The targetprocessswitch interval is the
maximumnumberof instructionsthat could be executedbetweenprocessswitches. Thereare several
reasonsvhy the actual processswitch interval (measuredn instructionsexecuted)or thesetracesis
lessthanthe target: (1) The Titan may not be ableto executeat its peakrate becausef cachemisses,
datadependenciestc.; (2) The operatingsystemexecutiontime (whenthereis no tracing) subtracts
from the interval; and (3) Processesvait for I/O or otherexternalevents,relinquishingcontrol of the
processobeforethe full intervalis used. Theresultis thatthe measuregrocesswitchintervalin each
traceis abouthalf thetarget.
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SwitchInterval (instrs.) Processes
Trace Target Actual Active
Multl 200,000 138,000 6
Mult1.2 400,000 196,000 6
Mult2 200,000 134,000 4
Mult2.2 400,000 214,000 4

Table 3.6. Process Statistics of Multiprogrammed Traces.

This table showsthe targetand actual processswitch interval and an estimateof the numberof active
processeat any momentin the multiprogrammedraces. The targetprocessswitch interval wasthe max-
imum numberof instructionsthat could be executedbetweeneachswitch. It wasmeasuredisinga simple
infinite loop programdesignedo executenstructionsrapidly.

The processswitch intervals of the multiprogrammedraces,hundredsof thousandf instruc-
tions, arehigh comparedo someprevioustraces. For instancethe ATUM tracesaveragearound10 to
20 thousandmemaoaryreferencebetweeneachswitch[AGHH88]. Theincreasdn processwitchinter-
val is appropriatebecaus@f increasingorocessospeedssincethetime betweerprocesswitchesends
to be constantacrossdifferent systems. Thus, asthe speedof the processoincreasesthe numberof
instructionsexecutedetweeneachswitch will increase.For example Clark, et al., showthatthe con-
text switch headwayfor the VAX 8800 (19000)is aboutthreetimes that of the VAX 780 (6000), a
nearlylinear increasewith processoperformancdCLBK88]. The switch intervalsfor the traceswere
adjustedo valuesthat shouldbe appropriatefor future high-performancerocessors Mogul andBorg
usedsimilar switchintervals[M oGB91].

Table 3.6 showsthat the multiprogrammedtracesrepresenthe concurrentexecutionof many
processesThoughonly aboutfour or six processeareactiveat any givenmomenttherearereferences
from manymoreincludedin the trace. For example Mult2.2 hasonly four processesgstimatedactive
atany moment,yet the tracecontainsthe executionof 176 differentprocessesThis occurssincemany
processesompleteand new onesstartin their place. Furthermorethoughonly four or six processes
are active at any given moment, someare suspendedvaiting for other processe$o complete. For
example the Cc programdoesnothingotherthanstartandwait for the Cpp, Ccom,andMc processem
succession.

To understandanorefully the processeicludedin thesetracesthis sectionexamineshe Mult2.2
tracein moredetail. Figure 3.6 partitionsthe Mult2.2 processeby the numberof instructionsthey exe-
cute. Theleft graphshowsthatmostof the processesxecutefor about100,000,10 million, or 200 mil-
lion instructions. By far the largestshareof the instructionsin thetracearefrom processethatexecute
for ten million instructionsor more. Only two processegprobablyMagic and Grr) executefor more
than 100 million instructionsduring the trace. The right graphshowsthat thesetwo processesontri-
bute the mostinstructionsto the trace. Thoughsmall in number,the long-runningprocessefavea
dominanteffectonthetrace.

A similar scenaricexistswhenthe processeare partitionedby the amountof memorythey refer-
ence,asin Figure3.7. Theleft graphshowsthat mostof the processeseferencerom 100-kilobytesto
1-megabyte.The right graphshowsthat thesel-megabyteprocessesontributethe largestportion of
the instructionsin the trace,but not by much. The larger processesontributea substantialportion,
thoughtherearefew of them. Forexample ponly asingleprocesseferencesnorethan10-megabytesf
memory,yetit contributesover25%of theinstructions.
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Figure 3.6. Mult2.2 Processes Classified by Execution Length.

This figure partitionsthe processe the Mult2.2 traceby their executionlength(in instructions). On the
left, the numberof processein eachclassis shown. On the right, the numberof instructionsexecutecby
the processesn eachclassis shown. The partitionsare by factorsof ten. For example,the bar labeled
“1M” hasstatisticsfor processethathave100,000to onemillion instructionsincludedin thetrace. Note
thatsomescalesarelogarithmic.

3.4.3. MissFrequenciesin Multi-Level Cache Configurations

This section expressesshows MPI's (and relative MPI changes)for the base two-level
configurationthat is shownin Figure 1.1 andfurther describedn Section2.3, with defaultparameters
alsogivenin Section2.3. By showingthe cacheperformanceeffectsof the tracesthis sectionexposes
the trace characteristicshat effect cachedesign. Chapter5 delvesfurther into multi-megabytecache
designissues.

Table 3.7 showsthe missfrequenciesf the primary instructionand datacachedor the different
traces. With this primary cacheconfiguration,the datacachehasa higher MPI than the instruction
cache.

The MPI resultsin Table 3.7 provide someinsightinto the tracedworkloads. For the instruction
cache the multiprogrammedraceshavehigher MPI thanthe uniprogrammedraces. The oppositeis
true for the datacache. The good instructionlocality and poorerdatalocality of the uniprogrammed
tracesis likely aresultof the scientific natureof severalof the applications.Tight loopsrangingover
largeamountsof datawill tendto give lower instructioncacheandhigherdatacachemissfrequencies.
This is exactlythe behaviorof the SorandLin traceswhich havevirtually noinstructioncachemisses.

A comparisorof the resultsfrom the multiprogrammedraceswith differentprocessswitchinter-
vals showsa slight tendencytoward lower MPI’s with the longer switch intervals. This is expected
sinceeachprocessswitch resultsin a reloadingof the primary cachesthe dataof the otherprocesses
corruptedthe primary cachessince the last time the processran [SMIT82]. Although hundredsof
thousandof instructionsexecutebetweeneachprocessswitch, switching-inducedcachereloadingis
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Figure 3.7. Mult2.2 Processes Classified by Memory Usage.

This figure partitionsthe processe# the Mult2.2 traceby the memorythey use. On the left, the number
of processein eachclassis shown. On theright, the numberof instructionsexecutedoy the processe

eachclassis shown. For example thebarlabeled“1M” hasstatisticsfor processethataccess00,000to

onemillion bytes. Notethatsomescalesarelogarithmic.

MPI x10000f Primary Caches
Trace Instruction Data
Multl 5.5 9.7(37%)

Mult1.2 5.8 8.1(33%)
Mult2 6.1 8.2(37%)
Mult2.2 55 7.4(36%)
Tv 2.6 17.4(8%)
Sor 0.0 22.9(60%)
Tree 4.9 12.4(21%)
Lin 0.0 3.7(3%)

Table3.7. Primary Cache MPI.

This table showsthe missfrequency,expresseds missesper one thousandnstructions(MPI x1000) for
the split primary instructionand datacachedor eachtrace. For the datacache the fraction of misseghat
causethe write-backof a dirty cacheblock is alsogivenin parenthesesAs mentionedn Section2.3, the
instructionanddatacachesareeach32-kilobyteswith 32-byteblocks.

still afactorin the performancef the caches.The Multl.2 tracedoeshavea slightly higherinstruction
cacheMPI thanMultl, althoughMultl1.2 hasalongerswitchinterval. Thisanomalyis likely aresultof
thedifferentexecutionphase®f the Multl workloadcoveredby thetwo traces. The Mult1.2 tracecap-
turesa early portion of theworkloadthatMultl doesnot.

Table 3.7 also showsthe fraction of datacachemissesthat requirewriting back a dirty cache
block. With write-backcacheswritesarenotimmediatelypropagatedo the secondaryeache. Instead,
the cachesaveghe value of the updatedcacheblock until it mustbe replaced(asthe resultof a cache
miss). Only thenis the updatedvalue of the cacheblock transferredto the secondarycache. The
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fraction of datacachemissesthat causethesewrite-backsvariessubstantiallyacrossthe tracesfrom a
low of only 3% with the Lin traceup to 60% for the Sortrace. The multiprogrammedand Treework-
loadsdisplay moderatebehavior,with about30% of the cachemissesrequiringa write-back. The Lin
and Tv workloadsexpenda large portion of their referencegeadingdata,and only updatesmall por-
tions of it. The Sor trace modifiesthe largestportion of the cacheblocksin the datacache,though
Table 3.4 showsthatit hasthe lowestfraction of instructionsthatarestores. This meanghatthelocal-
ity of writesis muchlower with the Sortrace;it modifiessmall portionsof manycacheblocks,increas-
ing thewrite-backfrequencyof thecache.

Table 3.8 showsthe MPI of a variety of secondarcacheswith sizesrangingfrom 256-kilobytes
to 16-megabyteandassociativitiegangingfrom direct-mappedo 4-way associative.The resultsvary
substantiallyacrossworkloads,just as with the primary caches. This validatesthe resultsshown by
Smith [SMIT85]. Many workloadslike thosein this studywill give the bestconclusionsmuch better
thana singleworkload. Had resourcesallowedit, evenmore workloadswould havebeenusedin this
study.

Sor hashigher MPI’s thanthe othertraces.This is consistentwith the observatiorthat scientific
workloadsoften havepoorcacheperformancédecausef poorlocality of referenceSor makesfrequent
traversalsthrough extremelylarge array structuresthat representsparsematrices.lts locality is poor
sincethe traversalghroughthe array purgecacheentriesbeforethey canbe reused. Associativitydoes
not help Sor'sMPI much;it actuallyincreaseMPI for somelargercaches.Smith and Goodmanshow
that associativitycanbe detrimentalto cacheperformancewith looping referencegSmi G85], aswhen
arraysare being traversed. Theseresults corroboratethis observation. Chapter5 further showsthe
abnormalcacheeffectsof Sor.

The 16-megabytecachesgive extremelylow miss frequenciespoften well below one miss per
thousandnstructions. This is not surprisingsincethe 16-megabyteaches extremelylarge,largerthan
manycurrentmain memories.Indeedthe 16-megabyteaches largeenoughto hold from 15%to 50%
of the 40 to 96 megabyteworkloads. Without the focus of this study toward larger workloads,these
cacheswould likely not havebeenexercisedaswell. Thoughthe cacheis large,the sametrendsthat
hold for the smallercachesalsoholdsfor the largercache. For example the resultsin Table 3.8 show
that MPI is approximatelyhalvedeachtime the cachesizeis quadrupled(Equivalently,the missratio
decreaseby 30% eachtime the cachesize doubles[STON90].) This is asvalid for the 16-megabyte
cacheasfor the othercaches.Thus,the 16-megabyteaches not solargethat missesneveroccur,it is
just largeenoughsothatthe MPI is low. Chapters showsthatlow missfrequenciesnay be necessary
for goodperformancavhenthe cachemisspenaltyis large. Of coursejf the misspenaltyis smaller,or
if smallerworkloadsare used,small cachesmay do sufficiently well and 16-megabyteachesnay not
beneeded.

For the secondarycachessimilar to the casewith the primary cachesthe Mult2 tracesshowa
consistenteductionin MPI with increasingprocesswitchinterval. For the 256-kilobytecache andfor
the direct-mappedachesthe reductionwith increasinginterval also holds for the Multl traces. The
Multl tracesdo not follow this patternfor the larger, more associativecacheshowever. Again, this
anomalyis likely becausef thedifferencesn the phase®f executioncapturedn Multl andMultl1.2.

Table 3.8 also showsthe fraction of secondarycachemissesthat causethe write-backof a dirty
cacheblock. Similar to the datacacheresultsthe fractionvarieswidely from traceto trace. For exam-
ple,it rangesrom 1%to 73%for a 1-megabytet-way set-associativeache. Usually, it is near30%to



38

MPI x1000For Secondary Caches (Direct-M apped)

Trace SecondaryCacheSize
256K M 4M 16M

Multl 3.49(25%)  1.55(27%) 0.70(38%) 0.33(47%)
Multl.2 3.14(26%)  1.45(29%) 0.69(39%) 0.32(50%)
Mult2 3.16(31%) 1.24(33%) 0.61(40%) 0.26(48%)
Mult2.2 2.82(33%) 1.18(35%) 0.59(41%) 0.27(48%)
Tv 6.13(10%) 2.63(14%) 1.88(16%) 1.03(21%)
Sor 19.44(61%) 14.77(72%) 7.54(73%) 1.97(44%)
Tree 5.13(11%) 2.16(17%) 0.59(45%) 0.30(69%)
Lin 1.39(2%) 1.16(1%) 0.09(7%) 0.02(0%)

MPI x1000For Secondary Caches (2-Way)

Trace SecondaryCacheSize
256K M aM 16M

Multl 2.95(23%) 1.19(31%) 0.55(43%) 0.26(52%)
Mult1.2 2.62(25%) 1.18(31%) 0.56(43%) 0.28(55%)
Mult2 2.38(29%)  1.01(35%) 0.52(42%) 0.24(49%)
Mult2.2 2.15(31%) 0.98(36%) 0.51(43%) 0.22(51%)
Tv 4.46(12%) 2.31(15%) 1.76(17%) 0.98(21%)
Sor 18.84(63%) 14.66(73%) 7.76(75%) 1.92(44%)
Tree 4.59(10%) 1.81(17%) 0.49(52%) 0.26(80%)
Lin 1.33(1%) 1.10(1%) 0.06(13%) 0.02(0%)

MPI x1000For Secondary Caches (4-Way)

Trace SecondaryCacheSize
256K M 4M 16M

Multl 2.79(23%) 1.07(33%) 0.52(44%) 0.26(52%)
Mult1.2 2.50(25%) 1.10(32%) 0.53(45%) 0.27(56%)
Mult2 2.17(30%)  0.95(35%) 0.50(43%) 0.23(51%)
Mult2.2 1.99(31%) 0.93(37%) 0.49(44%) 0.22(51%)
Tv 3.69(13%) 2.28(15%) 1.76(17%) 0.96(22%)
Sor 18.68(63%) 14.55(73%) 8.00(76%) 2.03(45%)
Tree 4.35(10%) 1.75(17%) 0.47(54%) 0.25(81%)
Lin 1.31(1%) 1.08(1%)  0.04(23%) 0.02(0%)

Table 3.8. Secondary Cache MPI.

This table showsthe cachemiss frequency (expressedas missesper thousandinstructions)for direct-
mapped(top), 2-way set-associativémiddle), and 4-way set-associativgbottom) secondarycaches. In
parentheseshefractionof cachemisseghatcausehewrite-backof a dirty blockis alsoshown.

50%. It often increaseswith cachesize and associativity. This is precisely when the cache MPI

decreaseand blocks are retainedfor longer periodsof time in the cache. The increasingfraction of

write-backslikely occursbecausdonger block residencetimes increasethe probability that a trace
writesa block while it is resident. This is not alwaysthe case however. The fraction decreasefor the
Sortraceasthe cachesizeincrease$rom 4-megabyteso 16-megabytesUltimately, for all workloads,
the fraction of missesthat causewrite-backshasno cleartrendsfor different associativitiesand cache
sizesthoughit tendsto increaseawith lower missfrequencies.

In additionto the absolutemissfrequenciesasgivenin Table3.8, relativeperformancalifferences
also exposethe cache performanceeffects and differencesof the traces. This analysis answers
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guestionssuch as: What is the reductionin MPI producedby increasingassociativityfrom direct-
mappedo 2-way with the differentworkloadsWVhatis the reductionin MPI producedby doublingthe
cachesize? Theanswerdo thesequestiondhelpto decide for eachtrace , whethera largercachewith a
sloweraccessime will bebetterthana smallercachewith a higherMPI.

Figure3.8 showsthe miss reduction that occurswhendoublingthe associativity. This is the frac-
tion of the missedn the cacheof lower associativitythatwereeliminatedin the cacheof higherassocia-
tivity. The different boxesshowthe missreductionoccurringwhenthe associativityis doubledfrom
direct-mappedand 2-way, respectively. The increasefrom direct-mappedo 2-way eliminatesa sub-
stantially larger portion than 2-way to 4-way does. This is consistentwith the observation®f others,
including Hill and Smith [HILS89], who measuré‘miss ratio spread’g. The advantage®f doubling
theassociativitydecreasewith increasingassociativity.

Again, the Sor tracestandsout in the datain Figure 3.8, showingnegativereductionsbecausef
its looping behavior. In general the uniprogrammedracesseemto gain lessfrom increasingassocia-
tivity thando the multiprogrammedraces. This canbe attributedto the higherlocality of referenceof
the multiprogrammedtraces. The uniprogrammedtracesalso have a considerablywider range of
behaviorsithe missreductionin going from direct-mappedo 2-way rangesfrom 8% to 25% with the
multiprogrammedraceswhile the samerangeis -3%to 34%for the uniprogrammedraces. Thisis due
to the similarity of the multiprogrammedraces,and the averagingeffect of including many different
programsn them.

Figure 3.9 showsthe missreductionswhendoublingthe size of direct-mappedaches.Overthe
range of cachesizes,the multiprogrammedtracesshow a reductionof 30% or more. The unipro-
grammedracesagainshowa higherrangeof behaviorthanthe multiprogrammedraces but, the mean
reductionis similar.

The comparisorof Figure 3.8 with Figure 3.9 showsthat doublingthe cachesizeeliminatesmore
missesin a direct-mappeaachethandoublingthe associativity. This doesnot follow the 2:1 “rule of
thumb” thatthe doublingof eitherthe size or associativityof a direct-mappedacheproducesaboutan
equivalentmissreduction[HENP90]. Insteadthesevirtual-indexedresultsshowcachesizeincreases$o
be moreimportantin reducingthe MPI thanassociativityincreases.Section5.6 of Chapter5 examines
why the 2:1 rule may not hold for multi-megabytecaches.

3.4.4. Secondary Cache Inter-Miss Distributions

Beyondthe MPI, the inter-missdistribution is important. This distribution gives the likelihood
that the numberof instructionsexecutedoetweenconsecutivanisseds a givenvalue. It characterizes
thetiming of the secondargachemisseqi.e. mainmemoryaccesses)Figures3.10a,3.10b,and3.10c,
displaythe probability densitycurvesof theinter-misstimesfor direct-mappeckecondarynache%o.

9. Themissratio spreadneasureshe amountthatthe higher-associativityMPI increasesvhenthe associ-
ativity is halved. If x is the missreductionfor doublingassociativity the missratio spread(for halving)is
x/(1 - x).

10. Figures3.10a,3.10b,and3.10c,only showthe inter-missintervalsthatarelessthan500 instructions.
For the 1-megabytet-megabyteand 16-megabyteachegrespectively)this captures’9-83%,72-73%,and
57-61%of all Mult inter-misstimes,91%, 89%, and84% of the Tv inter-misstimes,93%, 87%, and52% of
the Sorinter-misstimes, 81%, 56%, and 23% of the Treeinter-misstimes, and 76%, 54%, and 13% of the
Lin inter-misstimes.
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Figure 3.8. Miss Reduction for Doubling Associativity.

This figure showsthe fraction of misseseliminatedby doublingthe associativityfrom direct-mappedo 2-

way (1-2) and2-wayto 4-way (2-4) for eachtraceandseveraldifferentsecondaryachesizes.
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Figure 3.9. Miss Reduction for Doubling Size.

This figure showsthe fraction of misseghatcould be eliminatedby doublingthe cachesizefor the various
traces.For example the entry for a 1-megabytecachedenoteghe fraction of missesthat would be elim-

inatedby insteadhavinga 2-megabytecachefor thattrace. Theseresultsare shownfor secondarycache
sizesrangingfrom 256-kilobytesto 4-megabytes.

Figures3.10a,3.10b,and 3.10cshowthat the shortinter-missintervalsoccurfrequently,particu-
larly with the multiprogrammedworkloads. For example,1450 instructionsof the Mult1.2 workload
executeon averagebetweereach4-megabytamiss,yet 50% of theinter-missintervalsarelessthan100
instructions. This showsthat the missegendto be clusteredn time. The densitycurvesareshownout
to aninterval of 500 instructions,which capturesmostof the intervals. While thereare enoughlong
intervalsto balanceout shortonesthe shortintervalsarethelargestportion of the misses.

The multiprogrammedtraces have inter-miss distributions that are more skewedtoward the
shorterintervalsthanthe uniprogrammedraces. Processwitching may leadto shortinter-missinter-
vals whenprocessstateis reloadedat eachswitch. The multiprogrammedracesalso may havemany
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Figure 3.10a. Inter-Miss Density of Multl, Mult1.2, and Mult2.

This figure showsthe inter-missprobability densityof the Multl (top), Mult1.2 (middle), and Mult2 (bot-
tom) tracesfor 16-megabyte(dashed),4-megabyte(dot-dashed)and 1-megabyte(dotted line) direct-
mappedsecondarycacheswith block sizesof 128-bytes. Eachline denoteshe probability that the inter-
missinterval (measuredn instructionsexecuted)occurs. The probability is aggregatedver intervalsof
10, thusthereis a pointevery10instructionson the x-axis. Notethatthe scaleschange.
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Figure 3.10b. Inter-Miss Density of Mult2.2, Tv, and Sor.

This figure showsthe inter-missprobability density of the Mult2.2 (top), Tv (middle), and Sor (bottom)
tracesfor 16-megabytgdashed)4-megabyte(dot-dashed)and 1-megabyte(dottedline) direct-mapped
secondarycacheswith block sizesof 128-bytes|ike Figure3.10a. Notethatthe scaleschange.
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Figure 3.10c. Inter-Miss Density of Treeand Lin.

This figure showsthe inter-miss probability density of the Tree (top) and Lin (bottom) tracesfor 16-
megabyte (dashed),4-megabyte(dot-dashed),and 1-megabyte(dotted line) direct-mappedsecondary
cacheswith block sizesof 128-bytes|ike Figure3.10a. Notethatthe scaleschange.

shortinter-missintervalsat the beginningof processexecution. The uniprogrammedraces,n particu-
lar TreeandLin, do notshowasmuchof a biastowardshortinter-missintervals. Themisse<f Lin are
much more evenly distributedamongthe different intervals. The mostlikely reasonis the low cache
contentionfor Lin; theapplicationbehaviordictatestheinter-missinterval, not cachecontention.

The consequencef shortinter-missintervalsis that the main memoryaccessrequencywill be
bursty. This may worsenqueueingdelaysfor the main memory,andreducethe effectivenes®f write-
buffers.

3.5. The Advantagesof Long Traces

This sectionexaminegwo advantagesf multi-billion-instructionlong traces. Thefirst advantage
is thatthey canmorefully capturethe cachebehaviorof atracedworkloadandrelatecachebehaviorto
algorithmic phasesof the workloads. More trace data allows far more phasesof executionto be
accountedfor. The secondadvantages that long tracescan mitigate the cold-startproblem. With
manymissesoverlong periodsof time, cacheinitialization is only a smallfactorin the MPI estimate.
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3.5.1. Capturing More Workload Behavior

If along tracecancapturemoreof the executionof a workload,cachebehaviorfor the workload
canbe morefully characterized.The resultof the phasebehaviorof programsis that MPI overtime
may bestbe describedasnon-stationaryevenwhenthe behavioris aggregateaver executionintervals
of manymillions of instructions. It is difficult to predictcachebehaviorover the entire executionof a
non-stationaryvorkloadwithout characterizatiof all (or most)of the programphases.

Figures3.11a,3.11b,and3.11cshowthe missbehaviorof all the tracesfor secondarycachesizes
of 1-megabyted-megabytesand 16-megabytes.They also showthe compulsoryMPI. Compulsory
missesare causedy the first referencen a traceto a uniquememorylocation (128-byteblock). The
compulsoryMPI is a measureof the minimum cacheMPIl whencacheblocksaredemand-loadedlt is
exactlytheinfinite cachemissratio.

The behaviorof the uniprogrammedracescanbe relatedto the algorithmsof the tracedprogram
[BOKW9O0]. The scientific Sortracemay bestexemplify this. Its arraytraversalsauseperiodicjumps
in the MPI. TheTv programspendsa long time building a largeintermeshedlatastructurethatit then
traverseqearthe endof its execution. The flat beginningof the Tv MPI curve showsthe building of
the datastructure while spikesnearthe endshowits traversal. The behaviorof the multiprogrammed
tracesis much more difficult to relateto the underlyingalgorithmsin the workload sinceall the dif-
ferentprocessesoncurrentlycontributeto the MPI.

Cacheperformancecan changedramatically over the length of the traces,althougheachpoint
givenin the graphis the aggregateof 100 million instructions. A differenceof a factor of tenin the
cacheMPI may easilyoccuroverthelengthof thetraces. The actualrangevarieswidely from traceto
trace. For example,the maximum MPI is 4.5 times the minimum MPI for the Multl.2 4-megabyte
cachewhile the maximumis 154 timesthe minimum for the sameTv cache. Any tracesampleof 100
million instructionsor lesscould estimatethe MPI anywherebetweerthe the maximumandminimum,
soit is importantto havetracedatathatincludesmanyhundredof millions, or billions, of instructions.

Beyondthe cacheMPI, the compulsory(or infinite cache)MPI providesmuchinformationon the
tracedworkloadsfor multi-megabytecaches. This information would be difficult to obtain without
long traces. A large portion of the missescauseddy the multiprogrammedracesare compulsory par-
ticularly with the 16-megabytecachesevenafter the simulation of billions of instructions. The fre-
quentbirth anddeathof newprocesses the multiprogrammedvorkloadcauseghis; both the seriesof
compilesandthe simple UNIX commandsontributeto the compulsorymisseghroughoutthe lifetime
of thetrace. The Treeand Sorworkloadseliminatecompulsorymissesby the endof the tracebecause
their memory usagestabilizes. Tv allocatesnew memory throughoutits lifetime, evenas execution
completes.

Figure 3.12 showsthe fraction of all missesthat were compulsoryover the length of the trace.
50% of the missesin the 16-megabytedirect-mappedcache were compulsorywith the multipro-
grammedtraces,a large portion. This showsthat with multi-megabytecachesmany missesmay be
compulsorysincethe cacheshavesuchlow MPI's. Shorttraceswould likely estimatethe compulsory
MPI evenhigherthanthesevaluesbecausenuchtracecontextis neededo determinewhich references
arecompulsoryjong tracesareextremelyusefulfor this kind of analysis.



46

Multl MPI Over Time
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Figure 3.11a. Variability of Mult1, Mult1.2, and Mult2.

This figure showsthe MPI behaviorof the Multl (top), Mult1.2 (middle),andMult2 (bottom)tracesfor an
infinite (solid line) cache,16-megabytgdashed)4-megabytgdot-dashed)and 1-megabytgdottedline)
direct-mappedecondarycacheswith block sizesof 128-bytes.Eachpointis the averagevaluefor the pre-
vious100million instructions. Notethatthe scalechange.
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Mult2.2 MPI Over Time
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Figure 3.11b. Variability of Mult2.2, Tv, and Sor.

This figure showsthe MPI behaviorof the Mult2.2 (top), Tv (middle), and Sor (bottom) tracesfor an
infinite (solid line) cache,16-megabytgdashed)4-megabytgdot-dashed)and 1-megabytgdottedline)
direct-mappedecondarycacheswith block sizesof 128-bytes.Eachpoint is the averagefor the previous
100million instructions. Notethatthe scaleschange.
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Figure3.11c. Variability of Treeand Lin.

This figure showsthe MPI behaviorof the Tree (top) and Lin (bottom)tracesfor an infinite (solid line)
cache, 16-megabyte(dashed),4-megabyte(dot-dashed),and 1-megabyte(dotted line) direct-mapped
secondanycacheswith block sizesof 128-bytes. Eachplottedpoint is the averagevalue for the previous
100million instructions. Notethatthe scaleschange.

3.5.2. Overcoming Cache Initialization

Cold startis a big problemwith largecaches.This sectionshowsthatvery long tracesareneeded
to overcomemulti-megabytecold-startby showingthat manyinstructionsarerequiredto meetseveral
previousdefinitionsof whencachesarewarm.

Cacheinitializationis the procesf filling anemptycacheturningit from cold to warm. Easton
andFagin[EASF78] definethe warm startmissratio to be the missratio with a full cache. The cache
mustbe completelyfilled beforethe cachebecomes'warm”; everycacheblock frame mustbe refer-
encedat leastonce. Table3.9 showsthe numberof instructionsrequiredto fill the primarycachesom-

pletelyfrom empty.

Table 3.9 showsthat a trace of millions of instructionsmay be requiredto initialize the data
cachedully, andthattheinstructioncacheis oftennot eveninitialized afterbillions of instructionsfrom
theuniprogrammedraces. The multiprogrammedvorkloadsrequireten million instructionsor moreto
initialize the instructioncacheentirely. Millions of instructionsmay be requiredto initialize the data
cache. Therestrictivedirect-mappedacheplacementausegheselargeinitialization lengthsbecause
it takesa considerablexmountof time to referencesverycacheblock frame. Fully associativecaches,
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Fraction of Misses that are Compulsory

; f I I
Multl / 47%
Mult1.2 (25 a5%

Mult2 51%

Mult2.2 48%

Trace
[
|

Tv 10%

Sor 6%

Tree 42%

Lin

0 0.2 0.4 0.6 0.8 1
Fraction Compulsory

Figure 3.12. Fraction of Missesthat are Compulsory.

This table shows the fraction of missesthat were compulsoryin 1-megabyte,4-megabyte,and 16-
megabytedirect-mappedtaches. For eachtrace,the fraction of the missesof a 16-megabytecacheis the
largestfraction (un-hatchedox), with the smaller4-megabytecachefraction (half-hatched)andthe smal-
lest1-megabyteachefraction (cross-hatched).

Instructionsto Warm Cache (Millions)
PrimaryCaches
Trace Instruction Data
Multl 85.8 3.5
Mult1.2 9.7 1.8
Mult2 36.4 0.5
Mult2.2 48.8 3.6
Tv 5581992.7 12.3
Sor 00 0.2
Tree 00 1.5
Lin 00 135

Table 3.9. Instructionsto Fill Primary Caches.

This tableshows,for eachtrace,the numberof instructionsrequiredto referenceeverycacheblock frame
in the split primary caches.A valueof infinity denoteghatthe cachewasnotfilled overthe entirelength
of thetrace.

the type studiedby Eastonand Fagin, do not requireas many instructionsto initialize the cachefully
sincethereis muchmore(re)placementiexibility. Theresultsfor the primary cachesarenot encourag-
ing sincethe major focus of this study is on multi-megabytesecondarycaches. Theseconsiderably
largercachesanrequireevenlongerinitialization timessincethey havemanymorecacheblocks.
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Table3.10showstheinstructionsneededo fill differentdirect-mappedecondaryachesntirely.
Theseresultsshow that billions of instructionsmay be requiredto fill thesemulti-megabytecaches
fully, and sometracescould not properly initialize the largestcaches,evenwith severalbillions of
instructions. Sorrequiredconsiderabljesstime to fill the cachebecauséts frequenttraversalof large
amountsof memorytouchedthe cacheblock framesmorerapidly. The multiprogrammedracescould
not referenceevery cacheblock frame in the 16-megabytecache, although much more than 16-
megabytef memorywasreferencedver the billions of instructionsin the traces. The instructions
requiredto initialize the 4-megabytecachefully rangesrom 21 million instructionsfor the Sortraceto
2.55billion for Lin, andthe multiprogrammedracesrequirednearlya billion instructions. Again, the
direct-mappingvasa factorin thelonginitialization timesof thesdargecaches.

Instructionsto Warm (Millions)
Trace SecondaryCacheSize(Megabytes)
1 4 16
Multl 45 964 )
Multl.2 93 1001 )
Mult2 127 670 0
Mult2.2 118 581 o0
Tv 213 1028 4956
Sor 4 21 185
Tree 48 196 798
Lin 552 2548 )

Table 3.10. Instructionsto Fill Direct-Mapped Secondary Caches.

This table showsthe numberof instructionsrequiredto referenceevery cacheblock frame in direct-
mappedsecondarycaches.

Table 3.11 showsthe initialization times requiredfor 4-way set-associativeecondarycachesof
the samesize. The comparisorwith the direct-mappedachesshowsthatthe flexibility of higherasso-
ciativity significantly reducedthe cacheinitialization time. The multiprogrammedraceswere able to
initialize the 16-megabyteachefully here,butit still took billions of instructions. The requiredtrace
lengthfor the multiprogrammedraceswasapproximatelyhalvedby changingthe cachedo 4-way set-
associativdrom direct-mapped.Tenmillions of instructionswererequiredto initialize the 1-megabyte
cachefully, andhundredmillions of instructionswereneededor the 4-megabytecache. The Lin trace
did not initialize the 16-megabytecachebecausét did not referencel6-megabytesver the length of
thetrace.

Thoughthe EastonandFagindefinition of a warm-startmissratio is a safeone,the largeamount
of tracedatathatis requiredto initialize a multi-megabytecachefully, especiallywith limited associa-
tivity, can makethe definition too costly. The use of this definition to analyzethe multi-megabyte
cachesconsideredn this work would lead to discardingmuch of the information containedin the
traces. Eventhe information containedin referencestringsthat neverentirely fill the cacheis useful
andshouldpreferablynot be wastedonly on cacheinitialization.

Thesemotivationsprompteda new definition of a warm cacheby Agarwal, et al., [AGHH88].
They definea cacheto be warm eitherwhenthe cachesaturatesasit becomedull, or whenthe trace
saturates A tracesaturatesvhenthe original working setis loadedinto the cache. They suggesthata
uniform way to decidewhena simulatedcachemeetsthis definition is to detecta kneein the graphof
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Instructionsto Warm (Millions)

Trace SecondaryCacheSize(Megabytes)
1 4 16
Multl 24 267 1820
Mult1.2 50 242 1604
Mult2 43 407 2826
Mult2.2 47 397 1860
Tv 115 580 3420
Sor 1 8 93
Tree 48 196 798

Lin 507 2534 00

Table 3.11. Instructionsto Fill 4-way Secondary Caches.
Shownarethetracedinstructionsrequiredto fill 4-way set-associativeecondarcaches.

the cumulativeinitialization reference®ver the length of the trace,whereaninitialization references

thefirst referencdo a cacheblock frameduring a cold-startsimulation. The kneeindicatesa slowdown
in theratethatcacheblock framesarebeingfilled. Both tracesaturatiorandcachesaturationcancause
the knee: cachesaturationbecausdhe cacheis alreadyfull andtracesaturationsincefew new blocks
arebeingloaded.

Figure 3.13 plots the cumulative initialization referencedor 1-megabyte4-megabyteand 16-
megabytecachesverthefirst 300 million instructionsof the Multl.2 trace. Thereareno obvioussigns
of tracesaturationsincethe curvesincreasesmoothly. Cachesaturationseemshe dominantfactorin
decidingthethreshold but onemight getanalteredperspectivéby changingthe scalingof the axis. As
an arbitrary choice,the cachewas consideredvarm aboutwhen 80% of the cacheblocks werefilled.
From the datain Figure 3.13 (and otherdata),20 million instructionswarmedthe 1-megabytecache,
while the4-megabyteand16-megabyteachegsequired120and700million instructions.

For all the traces,Table 3.12 showsthe tracelengthsrequiredto warm a cacheusing the warm
definition of Agarwal,etal., (andthe80%rule). All thetraceswereableto meetthe newdefinition for
all cachesizes. In particular,Lin andthe multiprogrammedraceswereableto warmthe 16-megabyte
cachesincethe cachesaturated. Comparisonwith the resultsin Table 3.10 showsthat considerably
shortertracesmeet the conditions of the new definition. For instance,it reducesthe trace length
requiredby Tv by morethana factor of five for all cachesizes.

Thoughthe definition of Agarwal, et al. decreaseshe loss of information requiredto warm a
cache,a billion instructionsmay still be neededust to warm up the larger cachesusedin this study.
Thewarmtime is solargeis becauset takesmanyinstructionsto referencdargeamountsof memory.
Locality of referencamplies that small areasof memorywill be referencedvershortperiodsof time,
while only over long periodswill large amountsof memory be referenced.Figure 3.14 showsthe
memory referencedby eachtrace over time. The workloadsshow varying degreesof locality. Sor
referencesnostof the memoryit usesquickly. This showsits poorlocality. The memoryreferenced
by the multiprogrammedracesincreasesalmostlinearly over the entire rangeof instructions,perhaps
because substantiaportion of missesis a resultof the continuousstartupand completionof smaller
processesBillions of instructionsfrom thesememaory-intensiveracesmay be requiredto reference
16-megabyteof memory. Clearly, billions of instructionswill be neededto warm a 16-megabyte
cache.
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Initialization References for Mult1.2
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Figure 3.13. Cumulative I nitialization References for Beginning of Mult1.2.

This figure plots the cold missesor the beginningof the Mult1.2 trace,expressedsa fraction of the total
cachesize, for 1-megabyte4-megabyte and 16-megabytedirect-mappedsecondarycacheswith block
sizesof 128-bytes.

Instructionsto Warm (Millions)

Trace SecondarfCacheSize(Megabytes)
1 4 16
Multl 20 40 500
Mult1.2 20 120 700
Mult2 20 80 700
Mult2.2 40 130 1000
Tv 50 190 1000
Sor 10 10 90
Tree 40 160 600
Lin 230 800 1000

Table3.12. Instructionsto Warm Cacheto Knee.

This tableshowsthe numberof instructionsrequiredto warm 1, 4, and16-megabytalirect-mappedaches
with 128-byteblocksusingthe definitionof Agarwal,etal. [AGHH88] from eachtrace.

Cachewarmingis not requiredto removethe cold-startbias. Alternatively, boundson cacheper-
formancecanbe determinedandthe cachecan be considered warm whenthe boundsare sufficiently
smallthatcold startis not a problem. Stoneadvocatefiavingenoughmissesper simulatedcacheblock
frame (MPB) sothatthe cacheMPI estimatewill beaccurat§SToN90]. The cacheneednot befull for
ahigh MPB, yetit canstill beconsideredvarm. An accuratéMPI estimatecanbe obtainedif the MPB
is sufficiently high becausedhe cold-start(or initialization) referencesre a small factorin cacheMPI
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Figure 3.14. Memory Referenced Over Length of Trace.

This figure showsthe memoryreferencedrom the beginningof eachtrace,calculatedby the numberof
uniquel28-byteblocksreferencedopverthefirst threebillion instructionsof eachtrace.

estimates.

An MPB of five is consideredufficientto warmthe cachebecausehe cold-starterrorwill thenbe
at most 12.5% of the unbiasedVIPI if half the cold-startreferencesre guessedo be missesandthe
otherhalf arecountedashits. Table3.13showsthe numberof instructionsrequiredfrom eachtraceto
producean MPB of five (the MPB countscold-startreferences).The resultsshowthat severalbillion
instructionsare neededfrom mosttracesto get an MPB of five with a 16-megabytecache,1 billion
instructionswill usually give an MPB of five for 4-megabytecachesand 100 million instructionswill
usuallygive anMPB of five for 1-megabyteaches.TheLin tracewasunableto obtainan MPB of five
for thelargercachessinceit referencedmalleramountsof memoryoverthelengthof thetrace.

Notethatthe tracelengthrequiredfor an MPB of five increasedasterthantheinverseof the MPI
increasesvith cachesize. This is becausehereare more block framesasthe cachesizeincreases.If
the MPI decreaseby 30% with eachcachesize doubling,the tracelengthmustincreaseby a factor of
eight whenthe cachesize quadruplego obtain the sameMPB value. (Equivalently,the tracelength
shouldincreasen proportionto the cachesizeraisedto the power1.5[STON90]. The nextchapteralso
verifiesthis requiredtracelengthincrease.) This leadsto long requiredtracelengths,eventracescon-
taining of billions of instructions particularlyfor cachesizesin the multi-megabyteange.
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Instructions (Millions) for an MPB of 5

Direct-MappedCache
Trace 1M 4M 16M

Multl 20 50 2280
Mult1.2 30 250 1860
Mult2 30 460 2520
Mult2.2 50 440 2430
Tv 130 630 4090
Sor 10 20 310
Tree 130 590 2710
Lin 500 2800 0

Instructions (Millions) for an MPB of 5

2-way CacheSize

Trace M aM 16M
Multl 30 70 2690
Multl.2 40 290 2260
Mult2 50 590 2640
Mult2.2 50 570 2870
Tv 130 650 4180
Sor 10 20 320
Tree 190 790 2910
Lin 800 3300 I

Instructions (Millions) for an MPB of 5

4-way CacheSize

Trace 1M aMm 16M
Multl 30 70 2720
Multl1.2 40 330 2310
Mult2 50 630 2780
Mult2.2 50 590 2910
Tv 130 660 4190
Sor 10 20 300
Tree 200 790 2980
Lin 800 o o

Table 3.13. Trace Length for Five Misses Per Block Frame.

This figure showsthe numberof instructionsrequired(in Millions) to producefive missesper simulated
cacheblock framefor direct-mappedtop), 2-way set-associativémiddle), and4-way set-associativébot-
tom) secondarycacheswith block sizesof 128-bytes.Resultsareshownfor 1-megabyte4-megabyteand
16-megabyteaches.

3.6. Conclusions

The first portion of this chapter describesthe mechanism (implemented at DEC WRL
[BOKL89, BOKW90]) usedto gatherthelong tracesusedin this dissertation.Codemodificationof pro-
gramsat compiletime allowsthe efficienttracingof the memoryreferencebehaviorof programswhile
they are executing,slowing executiontime by only a factor of ten while increasingthe codesize by
only afactorof 2.1. The codeof tracedprogramswritesentriesin atracebuffer sothata cachesimula-
tor canreconstructll the memoryreferencedy analyzingthetracedata. This tracegatheringmechan-
ism collectspropermultiprocessmemoryreferencenterleavingssinceall processesvrite into a com-
mon tracebuffer. It alsoovercomedracelengthlimitations usingoperatingsystemmodificationsthat
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allowed many smallertracesto be concatenatednto a single long tracewith little distortionin the
fluidity of thetrace;thetracedataappearedsasinglelongtrace.

This chapteralsodescribeghe techniquesisedto compressandstorethe tracedata. Techniques
similar to thoseintroducedby SampleqSamP89] helpedstorethe tracesin a small amountof space.
Eachmemoryreferencen thetracesrequiredonly afew bits of storage.

A suite of workloadsthat arelarge consumer®f memory(by the standard®f 1990)weretraced
since future workloadswill likely be larger,and, sincelarge workloadscan exercisemulti-megabyte
caches. The tracedprogramswere combinedinto both uniprogrammedand multiprogrammedwork-
loads that use memoriesup to 100-megabytes.The workloadsare a prediction of the workloadsof
future engineeringwvorkstations. They included CAD (C), scientific (Fortran),Scheme(LISP dialect),
andUnix utility programs.A large portion of the referencesvithin the multiprogrammedracescome
from large processesghat run for hundredsof millions of instructions. This chapteranalyzeghe traces
in detail. It gives miss frequenciedfor a variety of large secondarycachesand the primary caches.
Doubling the cachesize decreasesthe MPI by a larger amountthan doubling the associativityof the
cache.

Thetracedworkloadshavewidely varyingmemoryaccesgharacteristicsgvenacrossl00 million
instructionsor more. Long tracescapturethe variability in the variousphasef applicationexecution
to moreproperlycharacterizeheir memoryreferencebehavior. Long tracescanbe usedto understand
programbehaviorby relatingcacheperformancdo changingexecutionphases.Compulsorymissesare
asignificantfactorin the performancef thelargecachesn this study. Long tracescapturemorework-
loadbehaviorandallow cacheperformancdo be moreadequatelycharacterized.

Long tracesovercomethe large cold-starteffect that occurswhen simulating large cacheswith
shorttraces. Evenwith severaldifferent definitionsof a warm cache billions of instructionsmay be
neededo initialize the largercachesonsideredn this study. The nextchapterexaminegechniquego
minimize the cold-startbiasin shorttraces(time-samples).lt showsthat tracesof billions of instruc-
tionsarenotrequiredfor accuratemeancacheMPI prediction. Still, long tracesareextremelyusefulso
that multi-megabytecacheinitialization is only a small portion of a cachesimulation. Long tracesare
mostflexible sincetheyallow manydifferentcacheperformancametricsto be gatheredvithout sophis-
ticatedcold-startreductiontechniques.
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Chapter 4

Trace-anpling Techniques

4.1. Introduction

The previouschaptershowedthatlong traces(including the memoryreference®f manyinstruc-
tions) aredesirablefor multi-megabytecacheperformanceanalysis. Long tracescapturemany phases
of aworkload’sexecution,eachof which may havewidely varying cacheperformance.Cacheperfor-
manceis more accuratelycharacterizedvith memory referencesrom the executionof more algo-
rithmic phaseveralongertime. Long tracesalsomitigate the effectsof cacheinitialization, or cold
start[EASF78], evenin multi-megabytecaches.Long traceswould alwaysbe usedif it weren’tfor the
difficulty in obtainingthem,their large storagerequirementsandthe long simulationtimesrequiredto
usethem.

This chapteris the first comparisorof differenttrace-samplingechniques.Trace-samplingech-
nigues can accuratelyestimatemean cacheperformanceusing fewer resourceghan with long (full)
traces. Trace samplinggreatly reducessimulation (and storage)requirementsecausdt usesonly a
small fraction of the full tracereferences.With a fixed tracingbudget tracesamplescangive a better
cacheperformanceestimatethanlong tracesbecausdéhe samplesancapturecacheperformancevera
longer time frame. This chapterfocuseson the accuracyand resourcesavingsof trace samplingby
comparingthe simulationresultsfrom full-trace samplego the full-trace simulationresults. Figure4.1
illustratesa full tracein atime-spacaliagramwhereeverymemoryaccesss explicitly shownto refer-
encea cacheset. This chaptercompareghe two different trace-samplingechnigueghat samplethe
full traceby slicing this diagram. Set samplesare horizontalslicesin the time-spacediagram,while
time samplesareverticalslices. Eachsampleincludesonly a portionof thefull tracereferences.
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Time-Spaceédiagramof Memory References

r% Vertical Slice
! X
X X
T N R S S S XX
Cache 3 XXX X
Sets | Xl XX j
(Space) X XX ! !
l } 1 HorizontalSlice
! X
XX X
! X X
X
X
X

Time ——>
Figure 4.1. Sampling as Vertical and Horizontal Time-Space Slices.

This figure showsa time-spacealiagrampictorially representinghe memoryreferencesvithin atracedur-
ing a simulation. Eachmemoryaccesoccursat a certaintime andreferences particularcacheset. The
vertical and horizontalslicesrepresentime samplesand setsamplesof the full trace,respectively. Real
tracesaremuchlongerthanthetracedepicted.

Puzakintroducedset sampling (congruencelasssampling)in his thesis[PuzA85]. Setsampling
estimategacheperformancedy simulatingonly a portion of the cachesetsoverthe entiretrace. A set
sampleis a probeinto the cachethatcaptureghe behaviorof somecachesets. If all setsarestatistically
identical, thena sampleof only a few setsfor a long enoughperiodwill give accuratecacheperfor-
manceestimategHEIS90].

Laha,etal., advocatedime sampling to reducetracedatarequirement$L AP188,LAHA88]. Time
samplingselectgime-contiguougeferencedrom the full trace. Theideaof time samplingis to simu-
late shortintervalsof the full trace. A time sampleis a probeinto a traceat a randompoint that cap-
turescachebehaviorovera shortperiod. Sincetracesexhibit widely varyingmemoryreferencecharac-
teristicsoverlong executionperiods differenttime samplesanay give entirely different cachebehavior,
asevidentfrom the resultspresentedn Chapter3. Laha, et al., havepreviouslyshownthat 35 time-
samplesanadequatelyeharacteriz&achebehavior.

This chaptercomparedoth the usageflexibility andaccuracyof setsamplesandtime samples.
The usagdflexibility of a sampleis the rangeof cacheconfigurationsvhereit canbe used.Usageflexi-
bility is essentiabecausdt may be difficult or expensivgperhapsvenimpossible)to resampleandit
may determinewhen samplescan obviate full traces. Ideally, any performancemetric of any cache
could be measuredvith a single fixed setof samples.In practice,both setsamplesandtime samples
are only usefulfor a limited rangeof cacheconfigurations. This chaptershowshow to createusage-
flexible set-samplesandhow to detectwhentime sampleshouldor shouldnot beused.

This chaptercompareshe meanmulti-megabytecachemissegerinstruction(MPI) predictionsof
setsamplingandtime samplingusingthe tracesdescribedn Chapter3. Two conditionsareusefulfor
samplingaccuracy:(1) individual samplesshould give unbiasedestimates,and (2) the samplesize
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should be large enoughto minimize samplingerror. For (2), ratherthan counting setsor individual
time-samplesthe fraction of trace datarequiredfor an acceptablesamplingerror is measured.The
resourcesavingsof setsamplingandtime samplingis thendirectly compared.

For unbiasedsetsampling,setsmustbe properlyprobed:all thefull tracereferenceso eachsam-
pled set, and no others, should be containedin the sample. This chapterintroducesusage-flexible
constant-bitssamplesthat are (unbiased)set samplesfor multi-level cacheswhose set-indexingbits
containthe constanbits.

The cold-startproblemcan bias shorttime sampleresultsbhecausdhe cachestateis unknownat
the startof a time sample[EASF78]. This chaptercompareseveraltechniquedo reducethe cold-start
bias:Laha,etal., lessercold startby initializing individual cachesetsratherthaninitializing the entire
cache,and Stonedoesthe samefor direct-mappedachegdSToON90]; Agarwal, et al., stitch togethera
longer trace out of shortertime samples[AGHH88]; and Wood, et al., predict the initialization
(unknown)referencemissratio using a renewal-theoretienodel [WOHK91]. For thirty time-samples
from the tracesusedin this dissertationthis chaptershowsthat the Wood, et al., techniqueminimizes
the cold-startbias. Thoughthe biasis greatlyreducedtime samplesof tenmillion instructionsor more
may still berequiredto overcomat.

The 10% samplinggoal of this chapteris: errorsof lessthan 10% (with 90% confidence)using
lessthan 10% of the full tracedata. Set samplingmeetsthe 10% goal, but time samplingmay not
becausdundredof extremelylargetime-samplesnay berequiredfor thedesiredl0%accuracy.Time
samplingmay only be more useful when the timing of referencesand the interactionamongsetsis
important. Given that sampleusagerestrictionscan be tolerated,set sampling gives more accurate
multi-megabytecacheMPI estimatesusinglessof thefull traces.

Section4.2 introducesconstant-bitset-samplesshowsthe set-samplingerrorsfor different frac-
tions of the full tracedata,anddevelopsechniquedo establishthe level of confidencan set-sampling
results. Section4.3 compareghe cold-startreductiontechniquesstatessufficientconditionsto remove
the time-samplecold-startbias, showsthe time-samplingaccuracyfor different fractions of the full
tracedata,and developstechniquedo establishconfidencein time-samplingresults. Finally, Section
4.4 summarizesheresultsof this chapter.

4.2. Set Sampling

Setsamplingis thefirst trace-samplingechniqueexaminedn this chapter. This sectiondiscusses
key considerationsn producingandusingsetsamples{1) howto constructusage-flexibleset-samples,
and how to get unbiasedand accurateMPI estimatesfrom them; (2) what fraction of the trace data
(equivalently,what fraction of the sets)is heededfor a desiredaccuracy,and how canthe sampling
accuracybeestimatedisingonly the sampleddata?

4.2.1. Obtaining Unbiased Estimatorsfrom Set Samples

4.2.1.1. Constructing the Set Sample

A key to obtainingaccurateestimatedrom a setsampleis properly constructingthe sample,or
choosingthe referenceghat should be includedin or excludedfrom the sample. When sampled,a
simulatedsetshouldsee(or receive)preciselythe samereferencessin the full tracesimulation. This
canbe guaranteedf the samplecontainseitherall or noneof the full tracereferenceso eachsampled
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set?

Definition 4.1. Set Sample.

A set sample containsexactly the subsetof accessefrom a full tracethat referencea
portion of the sets the sampledsets. The accessealsomustoccurin the sameorderin
thesampleasin thefull trace.

A sampleof thefull tracereferencesnay be a setsamplefor onecachewhile it is not a setsamplefor
anothercache. The sampleis not a setsampleif it includesat leastone,but not all, of thereferenceso
acacheset. Forexampleacachewith alargerblock sizewill havefewersets;referenceso asingleset
may only beaportionof thereferenceso a setwhentheblock sizeis larger.

In effect,therearerestrictionson the useof anindividual setsample. To permitanalysisof many
cacheswith differentblock sizes,associativitiesandnumberof sets,a samplemustmeeta wide range
of restrictions. Puzakrandomlyselectedsets[PuzA85], but this methodis inflexible andinadequatdor
multi-level cachesimulationssinceit assumedixed set-indexing. Primary cacheset-indexingis dif-
ferentfrom the secondarygacheset-indexingsoarandomselectionof secondaryachesetsis probably
not a randomselectionof primary cachesets;for example,a sampleof a single secondarycacheset
may not be a setsamplefor the primary cachebecausét may include only some(not all) of the refer-
encesto a single primary cacheset. The constant-bitssamplingtechnigueintroducedin this chapter
producesa single samplethat includesreferenceso many sets,and canbe usedwith a wide rangeof
cachesincluding multi-level configurationswvith varying primaryandsecondargacheset-indexing.

The simple constant-bitssampleconstructiontechniqueselectsthe portion of memoryaccesses
thathavegivenvaluesfor someaddresdits.

Definition 4.2. Constant-Bits Sample.

A constant-bits sample of a full trace,for bits i 0 CONSTANT (the constantbits), re-
tainsonly thosereferencesvhoseaddressebavegivenconstantvaluesin bit positionsi
of theiraddressandpreservesheir ordering.

For example,a constant-bitssampleincluding about1/4 of the memoryaccesseicludedin the full
traceselectsonly thoseaddressethathavezeroesn two addresdits, suchasbits five andsix (assume
bit zerois the low orderbit andbyte addresses)Bits five andsix arethenthe constanbits of this sam-
ple. Theorem4.1 provesthata constant-bitssampleis a setsampleexactlywhenthe set-indexingbits
of the cachecontainthe constanbits.

Theorem 4.1.
Considera set-associativeachethat usessimple addressit-selection? to choosethe

11. This condition may not be sufficient if the cache organizationincludes prefetching or timing-
dependenbehavior.

12. This meansthe set-indexingbits come directly from the addressof the memory accesgSmiT82].
With other than simple bit-selectioncacheindexing, the scenariois more complicated. In particular,since
PID-hashings usedin this study, careis takento ensurethat the hashedndex bits did not overlapwith the
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setthat a referencewill access.A constant-bitssample(Definition 4.2) from an arbi-
trary full traceis a set sample(Definition 4.1) if and only if the set-indexingbits,

INDEX, of the cachecontain the constantbits CONSTANT (CONSTANT #[) (i.e.
CONSTANT UINDEX).

Proof - The correctacces®orderingsareclearly upheldwith a constant-bitsample,so
this proof ignoresorderingto concentraten whetherthe sampleincludeseitherall or
noreferenceso eachset.

Necessary Condition -

A contradiction(contra-positivewill be shown. Supposdhe indexingbits do not

containthe constantits, thatis, thereexistsa bit i suchthati & CONSTANT and
{i} N INDEX=0. An addresshatdiffersonly in bit i could be constructedrom

any addresscontainedwithin the sample. This addressvould index to the same
setin thecacheastheaddresst is constructedrom, yetit would not be contained
in the sample. This implies that only somereferenceso the given setfrom an

arbitraryfull tracemay be containedwithin the sample which furtherimpliesthe

sampleis notasetsample.

Sufficient Condition -

A contradictionis againshown. Considertwo referencesn the full tracethat

index to the sameset, onethatis from the sampleand anotherthatisn’t. Two

suchreferencesnustexist whena sampleis not a setsample. The addressesf

thesereferencesannotbe the samefor if they were,they would either both be

includedor excludedfrom the sample. Let DIFF bethe bit positionsthatthe two

addressediffer, notethat DIFF N INDEX =0 sinceboth addressegdexto the

sameset. It also mustbe true that DIFF N CONSTANT # [J sincean address
canbeincludedin the tracewhile the otheris excludedonly if they differ in the

bits in CONSTANT. This meanstheremustexistani suchthati [0 CONSTANT

and{i} N INDEX =0, which implies that the indexing bits containthe constant
bits.

Thus,the usagerestrictionsof a constant-bitsamplecanbe preciselystated. For example the sample
with constantbits five and six would be a set samplefor bit-selectcacheswhoseblock sizesare less
thanor equalto 32 bytesandwhosecachesize divided by associativityis greaterthanor equalto 128
bytes.

Cachehierarchiesmposethe strictestrestrictionson the useof samplesput constant-bitsamples
cantoleratethem. Whenthe indexingbits of all cachedn a multi-level hierarchycontainthe constant
bits, a sampleis a setsamplefor the hierarchyasa whole because¢he sampledsetsof all cachesn the
hierarchysee(receive)the samereferencessthey would with the full trace. The constantbits in this
study were chosenso that the constant-bitssamplesare set samplesfor all the two-level cache
configurations.

constantbits, so the constant-bitssamplesare also set-samples.Note that thoughthis study usesvirtual-
indexing, the constant-bitgechniqueis equally applicableto real-indexedcachesandit evenworks with
hierarchicalconfigurationsncluding both real and virtual indexedcachesf the constantbits are below the
pageboundary.
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4.2.1.2. Estimating MPI With a Set Sample

M.
Givenasetsample, the obviousway to estimateMPl is by MPI; = I—' whereMPI; is themisses
i

perinstructionestimatefor setsamplei, I; is the numberof instructionreferencesncludedin i, and M

is the numberof missesin the simulationof i. While this calculationof the MPI estimatemay make
intuitive sensejt producesoorresults. Considerseveraliterationsof atight instructionloop thatlim-

its the instructionaccesseso a single set. The differentiterationsof the loop could causemissesto
occurin all sets,thoughall instructionreferencesreto only a singleset. The MPI estimatefrom the
restof the setswould be infinite. Alternative MPI calculationsmustbe consideredo solvethis prob-
lem.

M.
This chapterestimatesthe MPI of a set samplei by MPI; = f—xll wherel is the numberof
i

instructionsin thefull trace,andf; is the samplingcorrectionfor | with setsamplei. If f; is thefraction

M.
of instructionreferencesncludedin setsamplei, f;(instr), thenthis equationis preciselyl—I since
i

fixl =1;. Other straightforwardf;’s are: the fraction of memory referenceg(instruction and data)
includedin the setsample,f;(refs), the fraction of data (non-instruction)referencesf;(data), or the
fraction of setsincludedin the setsample,fi(sets). fi(sets) is the simplestof theseoptions. No infor-

mation from the trace dataitself is neededto calculatef;(sets); it associatesn equivalentportion of

eachinstructionwith eachcacheset,which s intuitive becauseny instruction(loador store)cancause
acachemissin anyset.

Forthe tracesconsideredn this dissertation,Table4.1 showsthe estimationerrorsrelativeto the
full trace MPI, given by the coefficient of variatior> of the MPI; estimatesusing the different f;’s.
fi (sets) givesMPI; estimateswith coefficientsof variationerrorsthatareanorderof magnitudesmaller
thanfor the other f;’s. This simple f;(sets) is superiorbecauseahe different sampleshavenearly the
samenumberof cachemisseseventhoughthe numberof referencegor instructions)is not the same.
Thatis, M; is nearlythe sameasM; for any giveni andj. Using any other f; basedon the references
includedin a samplegivesinaccuratgesultssinceit addsanunneededandomfactorto MPI;.

The Sor and Lin tracesin Table 4.1 illustrate the inaccuraciesof fi(instr). Theseare both
scientific codes;the large errorsare a result of the isolation of instructionreferencedo a few sets,as
expectedfrom the previousexample. Note that for thesetwo traces,fj(data) is more accuratethan
f; (refs) becausehe datareferencesremoreevenlydistributedacrosgshe setsthanareinstructions.

For all the set-samplingesultsgivenin this chapter f;(sets) is used. Besideshereferenceson-
tainedin the setsample this requiresknowing f;(sets) x | for the sample but this is only a tiny amount
of addednformation.

13. This deviatesslightly from the standardterminology. Normally, the coefficientof variation is the
standarddeviationdivided by the (simple arithmetic) mean. Strictly speakingthis only holdsfor f;(sets).
For the otherf;’s, Table4.1 givesthe root-mean-squareelrror (relativeto thefull traceMPI) of the MPI;’s,
divided by thefull traceMPI.
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Coefficient of Variation of MPI Calculations (per cent)
Trace Full Trace f, Technique
MPIx1000 | fi(sets) fi(instr)  fi(refs)  fi(data)
Multl 0.70 2.3% 35.2% 34.5% 87.7%
Mult1.2 0.69 1.9% 28.9% 31.7% 75.8%
Mult2 0.61 1.9% 24.2% 27.7% 64.3%
Mult2.2 0.59 1.3% 24.3% 25.6% 60.2%
Tv 1.88 0.6% 139.0% 85.7% 182.7%
Sor 7.54 0.3% 00 339.0% 86.2%
Tree 0.59 6.8% 191.9% 148.2% 249.7%
Lin 0.09 7.6% 00 886.3% 265.2%

Table4.1. Errorsof Different Set-Sample MPI Estimates.

This tableshowsthe coefficientof variation(relativeto thefull traceMPI) of the MPI; resultsfor different
fi’s. Theseresultsarefor a 4-megabytedirect-mappedsecondarycacheand setsamplesof 1/16 the full
trace.

The coefficientof variationis calculatedasin Equation2.3in Section2.5. MPly . is thefull traceMPI in
thatequation,andn is the numberof sampleghat constitutethe full trace(n = 16 for differentsetsamples
of 1/16thesets).

4.2.2. What Fraction of the Full Traceis Needed?

This sectionexaminesthe accuracyof the meanperformanceestimatesobtainedwhen set sam-
pling with differentnumbersof sets,or equivalentlywith differentfractionsof thefull trace. This study
considerssampleusageflexibility important,so only single constant-bitssamplegeachcontainingthe
referenceso manysets)areused. Sincethe constant-bitdechniquedoesnot selectrandomlyfrom the
sets,but insteadselectssetsbasedon addreshits, set samplesof full tracesthat unevenlyreference
their addresspacecould give inaccurateperformanceestimates.Any individual setsamplecouldbe a
biasedestimatorof MPI becausesomesetsare underutilizedor overutilized comparedto the others.
This sectionexamineghe variationsin performanceestimatesacrosssetsamplego find any effect of
the non-randonsetselectionin constant-bitset-samples.

Figure4.2 compareghe estimateobtainedfrom 16 setsampleof the Mult1.2 trace(eachabout
1/16 of the reference®f thefull trace)with the actualcacheperformanceovertime. Thefigure shows
the MPI of the full traceandthe MPI estimatef the setsampledor a 4-megabytesecondarycache.
Note that the four constantbits are at the sameaddresgositionfor eachsample. The 16 setsamples,
andtheir correspondingvPI estimatescomefrom the 16 different valuesof thesefour constantits.
The lines are difficult to distinguishon the graph. This showsthat thereis little deviationin the set-
sampleMPI estimatedor differentvaluesof the constantbits. The MPI variationsamongthe samples
aremodestwhencomparedo the full traceMPI overthe intervalsof 100 million instructions. Similar
behaviorfor the other tracesexaminedin this study make set sampling promising. No correlation
betweenhe valuesof the constanbits andthe accuracyof the set-samplingperformanceestimatorwas
found. Non-randomset-selectiordid not bias any individual set-samplingperformancesstimatedor
the Mult1.2 trace. Constant-bitsset-samplegave accurateperformanceestimateswith all the traces
usedin this study. Constant-bitsamplesverefoundto be equallyor moreaccuratehanrandomsam-
ples.

Using time-intervalsof 100 million instructions Figure4.2 showsthat setsamplescorrectly esti-
mate cacheperformanceacrossdifferent executionphasesas shownby The peaksandvalleysin the
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Set-Sampled Mult1.2 MPI Over Time
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Figure 4.2. Set Sampling on the Mult1.2 Trace.

This figure showsthe actualMPI’s (solid line) with the predictedMPI’s from eachof 16 different setsam-
ples(dottedlines) for the Mult1.2 trace. Eachsetsamplecontainsl/16 of the tracedataof the full trace.
4-megabytalirect-mappedecondarycacheresultsareshown. Eachpointis the averageover the previous
100 million instructionsof the full trace. Bits 8-11 (bit zerois lowest-orderbit) of the byte addresseare
the constanbits.

MPI overthetrace. The differencesin MPI arelargefor differentphasesbut eachsetsamplefollows
eachpeakand valley extremelyclosely. The inclusion of referencedrom many phasess a major
advantagef setsamplingovertime sampling. In contrastatime samplecontainsreference$rom only
afew phases.

Figure4.3 plotsthe distributionof the MPI; estimatedor the Mult1.2 trace. Thefigure showsthe
distributionsfor samplesof 1/4, 1/16,and1/64 of thetracedata. Notethatthereare4, 16,and64 sam-
plesthat produceeachdistribution,respectively. The performancesstimatedrom the 1/4 samplesare
closeto the true value of 0.69 missesperthousandnstructionsfor the full trace,confinedto only two
bins aboutthis meanin Figure 4.3. The distribution of the set samplesbecomesanore spreadout as
eachsampleincludesa smallerportion of thefull trace. Thisis not surprisingsincethe sampleincludes
referencego fewer sets;larger randomfluctuationswill inevitably occur. The 1/64 sampleshave a
considerablymore sparsedistribution, only confinedover a rangeof 15 bins, but still mostly within
10%of themean.

Notice that the distributionsshownin Figure 4.3 look normal. Sincethe statisticsrepresentedh
this distributionarethe meanfor manyindividual setsthe centrallimit theoremsuggestshatthe distri-
butions should be normal (if the setsare independent)MILF77]. The Kolmogorov-Smirnovone-
sampletestwasusedto comparethe 1/64 sampledistributions(normalized)to the standarchormaldis-
tribution [DEGR75]. The quantitativeresultsarenot shown,but qualitativelythe resultsweremixed for
the differenttraces. Somemultiprogrammedracesfit the normal curvesclosely, while someextreme
samplegesultedn a poorfit with TreeandLin.

Table 4.2 showscoefficientsof variation of the set-sampleMPI’s for direct-mappedsecondary
caches.It showsthat larger samplesare more accuratehansmallersamplesthis is expectedbecause
the largersampleshavemoresetsto evenout the variationsacrosssets. The coefficientof variation of

the meanof n independenrandomvariables(with the samemeanand variance)is \/—1_ times the
n
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Figure 4.3. Distribution of Set Samplesfrom the Mult1.2 Trace.

This figure showsthe distributionof MPI; performancesstimatedrom setsamples. The x-axis partitions
the setsamplesinto different bins dependingon their MPI; (at intervalsof 0.01 missesper thousandn-
structions). The figure showsdistributionsfor samplescontaining1/4, 1/16, and 1/64 of the Mult1.2
trace. 4-megabytalirect-mappedacheresultsare shown. The constanbits areat bit positions8-9, 8-11,
and7-12for 1/4,1/16,and1/64 samplesrespectively.

7
2

coefficient of variation of the individual randomvariables. Thus, if the setsare independentthe
coefficientof variationshoulddecreas@asthe squareroot of the numberof setsin the sample/STON90],
or it shouldbe halvedeachtime the samplesizeis quadrupled.Indeed theresultsshowthis trend. For
examplewith the 4-megabyteachefor Mult1.2, thetwo samplesizequadruplingdrom 1/64to 1/16to
1/4 reducesghe coefficientby 54%and53%.

The coefficientsof variationin Table 4.2 with 1/4 of the setsincludedin the sampleare small,
usuallylessthan2% of the actualmean;Tree hasthe largestoneat 6% for the 4-megabytecache. For
1/64 samplesthe variationsare also acceptablepften lessthan 5% and alwayslessthan 15% of the
true mean;Tree and Lin traceshavethe largestonesat 14% and 15%, respectively. Generally,the
errorsfrom the set-samplingVIPI estimatesarereasonableonsideringhe tracedatareductions.If the
set-sampléVMPl’s are normally—distribute&“’, thetherelativeerrorof over90% of the MPI sampleswill
be lessthan +1.65 timesthe coefficientof variation. For mostof the 1/16 samplesn Table4.2,1.65
timesthe coefficientof variationis well under10%, so a set-samplingracereductionfactorof 16 gives
errorslessthan10%with atleast90% confidence.This suggestshat setsamplingmeetsthe 10% sam-
pling goal.

Table4.2 showsa slight tendencyfor variationsto decreasevith largercaches.Thereareseveral
reasonsvhy this might occur. The largercacheshavemore setsandthusthereis lesscompetitionfor
individual setsthan with the smallercachesso the varianceshetweenthe performanceof individual
setscouldbe smaller. Furthermoreeventhoughthe samplesarea fixed portion of eachtrace,theycon-
tain thereference$o moresetsin the largercachesandmoreaveragingalwaysreducesstatisticaldevi-
ations. More dataneedsto be gatheredo find if thereis a relationshipbetweenerror and cachesize.

14. Figure4.3suggestshedistributionsarenormal. Additionally, the samplesarethe sumof hundredsor
thousand®f individual sets,sothe centrallimit theorem[MILF77] suggestshatthe distributionsof the sam-
plesshouldbe closeto normalif theyareindependent.
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Set-Sampling Coefficients of Variation (per cent)

, Full Trace Fractionof Setsin Sample

Trace  Size | \ipix1000 | 1/4 116 1/64

1M 1.55 1.7% 4.3% N/A
Multl 4M 0.70 1.4% 2.3% 4.8%
16M 0.33 1.0% 1.6% 2.7%

M 1.45 0.8% 2.9% N/A
Multl.2 4M 0.69 0.9% 1.9% 4.1%
16M 0.32 0.4% 1.5% 3.2%

M 1.24 0.8% 3.4% N/A
Mult2 4M 0.61 1.0% 1.9% 2.9%
16M 0.26 1.1% 2.3% 3.3%

1M 1.18 0.4% 2.7% N/A
Mult2.2 4M 0.59 0.6% 1.3% 2.5%
16M 0.27 0.7% 1.8% 3.4%

M 2.63 0.7% 1.9% N/A
Tv 4M 1.88 0.2% 0.6% 2.1%
16M 1.03 0.5% 0.6% 2.0%

M 14.77 0.1% 0.4% N/A
Sor 4M 7.54 0.1% 0.3% 0.7%
16M 1.97 0.0% 0.0% 0.1%

iM 2.16 4.1% 5.6% N/A
Tree 4M 0.59 5.3% 6.8% 13.6%
16M 0.30 1.8% 4.1% 6.5%

M 1.16 0.5% 3.3% N/A
Lin 4M 0.09 2.0% 7.6% 15.0%
16M 0.02 0.0% 0.3% 0.5%

Table4.2. Set Sampling Coefficients of Variation for Direct M apped.

This tableshowsthe actualMPI of thefull tracefor direct-mappeaachesandthe coefficientof variation
of the set-samplingVPI estimatesgalculatedasin Table4.1. The samplescontain1/4, 1/16,and 1/64 of
thetracedatain thefull trace. SomeentriesaremarkedN/A becauséhe PID hashingoverlappedwith the
constanbits sothe samplesverenot setsamples.

Suchanerrorreductioncould makesetsamplingevenmoreusefulascachesizescontinuallyincrease.

Table 4.3 shows2-way set-associativeesultslike the direct-mappedesultsgivenin Table 4.2.
Often, an associativityincreasefrom direct mappedto 2-way reducesthe set-samplingcoefficient of
variation by more than 50%. Set-samplingaccuracyimproveswith higher associativitybecauseset-
associativityeliminatescacheconflict misseqHILS89]. In direct-mappeaachesconflictscausea sub-
stantialportion of the misses. A particularly bad conflict can causelarge direct-mappedet-sampling
errorsbecauséhe conflicting setmisrepresentthe behaviorof the othersets.

A largerangein the distribution of the setsampless undesirablesinceit canleadto largevaria-
tionsin the cacheperformanceestimatedrom anindividual sample. Figure 4.4 showsthe rangeof the
set samplesfor 4-megabytesecondarycachesto more fully understandtheir accuracylimitations.
There is a substantiallydifferent rangein the distributionsfor the different traces. The multipro-
grammedracesexhibit similar behaviorsthe rangeof the samplevaluesis modestevenfor 1/64 of the
full trace. The Tv and Sor tracesalsohavesmall ranges.However,the TreeandLin traceshavecon-
siderablylargerranges.Thisis closelyrelatedto thelargererrorsshownby TreeandLin in Table4.2.
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Set-Sampling Coefficients of Variation (per cent)

. Full Trace | Fractionof Setsin Sample

Trace  Size | \ioiwi000 | 14 116 1/64

1M 1.19 1.2% 2.2% N/A

Multl 4AM 0.55 1.0% 1.7% 3.0%
16M 0.26 0.8% 1.6% 2.3%

M 1.18 0.7% 1.6% N/A

Multl.2 4AM 0.56 0.5% 1.2% 2.2%
16M 0.28 0.5% 1.3% 2.1%

M 1.01 0.3% 1.9% N/A

Mult2 4AM 0.52 0.6% 1.2% 2.0%
16M 0.24 0.9% 1.9% 3.3%

1M 0.98 0.3% 1.8% N/A

Mult2.2 4AM 0.51 0.5% 1.5% 1.9%
16M 0.22 0.9% 2.1% 3.5%

M 2.31 0.2% 0.6% N/A
Tv 4AM 1.76 0.3% 0.3% 1.6%
16M 0.98 0.3% 0.7% 1.9%

M 14.66 0.0% 0.3% N/A
Sor 4AM 7.76 0.0% 0.2% 0.5%
16M 1.92 0.0% 0.0% 0.1%

1M 1.81 2.3% 3.7% N/A
Tree 4AM 0.49 0.8% 1.5% 3.8%
16M 0.26 0.3% 0.4% 1.1%

M 1.10 0.3% 2.6% N/A
Lin 4AM 0.06 1.2% 6.0% 9.8%
16M 0.02 0.0% 0.3% 0.5%

Table 4.3. Set Sampling Coefficients of Variation for 2-Way.

This tableshowsthe MPI of thefull tracefor 2-way set-associativeachesandthe coefficientof variation
of the MPI estimatessimilarto Table4.2.

The 1/64 sampledrom TreeandLin wereexaminedn moredetail to find the causeof the wider
performanceangeacrosshe setsampledn the direct-mappedaase. For boththe TreeandLin traces,
two of the 1/64 set-sampleproducedmarkedlyhigherdirect-mappedvPI’s thanthe restof the sam-
ples. Thesesetsamplesarethe causeof both the high maximumandthe low minimum in Figure4.4;
the two sampleswith higher MPI’s biasedthe full traceMPI upward,causingthe low minimum. The
sametwo sampleddid not producethe highestMPI estimatedor the 2-way set-associativeaches.This
showsthat the cacheconflicts that were eliminated by higher associativity causedthe large direct-
mappedTreeandLin sampleestimatesas previouslysuggested.The performancesstimateobtained
from any setsamplecould be biasedby a heavily-conflictingset. Notice that the rangeof the sample
estimatess muchsmallerfor 2-way set-associativitppecauseonflictsareeliminated.

Givenanindividual set-sampleit would be usefulto estimatethe error of its MPI estimate using
only theinformationcontainedwithin the sample The coefficientsof variationshownin Tables4.2 and
4.3 werecalculatedusingthe full traceinformation. Instead coefficientsof variationcanbe estimated
from the sampleitself usingthe techniquedrom Section2.5. SinceMPI; is the meanMPI from many
sampledsetswithin samplei, its coefficientof variation canbe estimatedoy measuringhe variations
amongthe setswithin samplei. Table 4.4 compareghe averageestimatedcoefficientof variation of
the MPI;’s (the “individual” column)with the actualcoefficientof variationof the MPI;’s (the actual
valuescome from Table 4.2) for a 4-megabytedirect-mappedcache. It also comparesthe average
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Figure 4.4. Range of Performance With Set-Samples.

This figure showsthe rangeof the set-sampleMPI estimatesor 4-megabytedirect-mappedtop) and 2-
way set-associativeecondarycacheswith block sizesof 128 bytes. The rangesare given relative to the
MPI of the full tracefor 1/4 (smallestcross-hatchetox), 1/16 (hatched)and 1/64 (largestunfilled box)
samplesizes.

estimatedcoefficientof variation obtainedwith (constant-bitspatchesof the sampledsets,ratherthan
individual sets. Batching partitions (or batches)the setswithin a sample,averagedhe setswithin a
batchtogether andtreatsthe batchmeangust asif theywereindividual setd®

The coefficient of variation resultsin Table 4.4 show that the individual estimatetendsto be
largerthan both the batchedestimateand the actualvalue. This is especiallytrue for the Sor results.
The differencein the estimatesoccursbecauseahe setswithin the sample(andwithin the batches)re
not arandomselection. The overlapof the Sorarraysin thevirtual-indexedcachecausesargecontigu-
ous chunksof the cachesetsto thrashmore than other chunks. Sincethe MPI differencesare large
acrosschunks,the MPI varianceof individual setsis large. However,both constant-bitsset-samples
andconstant-bitbatchegyetequalpiecesof eachchunk,sotheir MPI estimatesaarea muchmoreaccu-
rateestimateof thetrue MPI acrossall sets.

15. Therearefewer batcheghansets,but the batchmeanshavea lower varianceanda more normaldis-
tribution.
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Coefficientof Variation Batched90%

Trace Sample : Confidence
Size Actual . Estimates Interval

Individual Batched || Successeh)
1/4 1.4% 1.4% 1.0% 75.0%
Multl 1/16 2.3% 3.0% 2.9% 100.0%
1/64 4.8% 6.0% 5.7% 93.8%
1/4 0.9% 1.0% 0.8% 100.0%
Multl.2 1/16 1.9% 2.2% 2.0% 100.0%
1/64 4.1% 4.4% 4.0% 89.1%
1/4 1.0% 0.9% 0.7% 100.0%
Mult2 1/16 1.9% 1.9% 1.9% 87.5%
1/64 2.9% 3.8% 3.3% 93.8%
1/4 0.6% 0.8% 0.5% 100.0%
Mult2.2 1/16 1.3% 1.7% 1.9% 100.0%
1/64 2.5% 3.5% 3.2% 96.9%
1/4 0.2% 0.4% 0.6% 100.0%
Tv 1/16 0.6% 0.9% 0.8% 100.0%
1/64 2.1% 1.8% 1.4% 79.7%
1/4 0.1% 0.6% 0.1% 100.0%
Sor 1/16 0.3% 1.4% 0.3% 100.0%
1/64 0.7% 2.9% 0.8% 95.3%
1/4 5.3% 2.2% 2.0% 50.0%
Tree 1/16 6.8% 4.3% 3.9% 68.8%
1/64 13.6% 6.5% 6.2% 78.1%
1/4 2.0% 3.6% 3.0% 100.0%
Lin 1/16 7.6% 7.2% 5.1% 87.5%
1/64 15.0% 12.9% 12.5% 96.9%
1/4 90.6%
All 1/16 93.0%
1/64 90.8%

Table 4.4. Set-Sampling Error Prediction.

This tableshowsresultsfor a 4-megabyteadirect-mappedecondarycache. The actualcoefficientof varia-
tion (takenfrom Table 4.2) andthe averageestimatefor individual andbatchedsetsare shown. Also, the
tableshowsthe probabilitythatthe batched®0% confidenceanterval containedhe full traceMPI.

The meancoefficientof variationestimatefrom all set-sampless shown,calculatedasshownin Equation
2.4in Section2.5. MPI, ., from Equation2.4 refersto the MPI estimatefrom a particularset-sampléit is
calledMPI; in this section). MPI; from Equation2.4is the MPI estimatefrom a particularset(or batch)j

within that set-sample.N is the numberof sets(batches)n the entire cache,andn is the numberof sets

(batches)n thatset-sample.

Using the batchedcoefficient of variation estimate,confidenceintervals can be calculatedas
shownin Section2.5. The 90% confidenceinterval for setsamplei containsall valuesin the range

MPI; (1 + 1.895<CV,), whereCV,; is the coefficientof variationestimate(for MPI;), andMPI; is the MPI
estimatefor i. Table4.4 showsthefractionof timesthatthis 90% confidencenterval containedhefull

traceMPI. Theresultsshowthat,in generalthis fractionis 90%or more. Thesuccessateis lower for
Treebecauseonflictsdistortedthe set-sampldPI estimates.Thoughthe intervalswereinaccurateor
Tree, thesesimple batchedconfidenceintervals are generally excellentfor establishingthe level of
confidencen results. Sincethe averageof 1.895«<CV; is alwayslessthan 10% for 1/16, theseresults

alsoconfirmthatsetsamplingmeetsthe 10% samplinggoal.



69

4.2.3. Advantages and Disadvantages of Set Sampling

The mostimportantadvantageof set samplingis that it meetsthe 10% samplinggoal for our
simulations:lessthan 10% errorswith lessthan 10% of the full traces. The accuracyof setsampling
may improve asthe cachesizeincreases.This makesit appropriatefor multi-megabytecaches.The
constant-bitgechnigueprovidesa simpleway to build flexible set-samplesReferencesreeithersaved
or discardeddependingon the valuesof certain bits in the addressof the reference. A set sample
automaticallyincludesreferencegrom manyexecutionphasesso anindividual samplecanaccurately
characterizethe MPI of a full trace,including its MPI phase-distribution.The reducedtrace data
requirementsof set samplingallows for simulation of longer traces,and thereforemore algorithmic
phasesin a smalleramountof time. Besideshe datareduction,setsamplingalsoreduceshe memory
requiredto simulatea given cacheconfiguration. A setsamplecontainingl/16 of the full traceneeds
to simulateonly 1/16 of the sets. For example,the performanceof a 4-megabytecachecan be
estimatedwith a 1/16 set-samplaisingthe sameamountof memoryneededor a full tracesimulation
of a256kilobyte cache.

Setsamplingdoeshaveits limitations. A major disadvantagés that a setsamplefor one cache
may not be a setsamplefor anothercache. Thus, oncea study choosedhe constant-bitsa sampleis
only useful for a portion of the overall cache design space. There are even multi-level cache
configurationssuchthat no set samplesexist, as whenthe block size of the secondarycacheis larger
thanaprimarycache.To avoidresamplingfakecareto ensurehata sampleof afull traceis a setsam-
ple for the rangeof cacheconfigurationsbeing studied. This canbe a difficult task, particularlywhen
therangeis large.

Another problem is that set sampling limits the performancemetrics that can be gathered.
Althoughthe attentionin this chapterfocuseson estimatingmeanMPI, thereareotherimportantcache
performancenetricsthat aredifficult to gatherwhensetsampling. Thetiming of interactionsbetween
accessesontainedn differentsetsampless lost. For example this might be importantwhenestimat-
ing the performanceof a write-buffer sharedby all sets. Sincethe write-buffer handleswrite-back(or
write-through)requestgrom all sets,it will bedifficult to estimateits performanceaccuratelyknowing
only the referencego a portion of the sets. Thus,setsamplingmay not be appropriatefor this type of
analysis. Neverthelessfor thosecasesvheresetsamplingis sufficiently flexible, it canbe extremely
useful.

4.3. Time Sampling

Thealternativeto setsamplingis to characterize tracewith time samples.This sectiondiscusses
key questiongn producingandusingtime samples(1) how to getunbiasedVIPI estimatedrom a sin-
gle time-sampleand(2) whatfraction of thetracedatais (or equivalently,how manytime samplesare)
neededor adesiredaccuracyandhow canthe samplingaccuracybe estimated?

4.3.1. Obtaining Unbiased Estimatorsfrom Time Samples

Obtainingaccurate unbiasedestimatorsof meanMPI from individual time sampleds difficult.
The problem lies in eliminating the cold-start, or initialization, bias. By default, cachesare often
assumedo beginatime-samplesimulationin the emptystate. This impliesthatthefirst reference®f a
time sampleinitialize the cacheby loading new datain the cache. Theseinitialization (or unknown)
references are often assumedo be missessinceit is unknownwhetherthey would havemissedif the
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cachewere fully initialized. This approximationgives pessimistic(biased)MPI estimatesbecause
somereferenceshatinitialize cachewould havehit in afully initialized cache. While it is areasonable
approximationfor a long tracewith a small cache,it is inaccuratefor all but the biggesttime-samples
with the multi-megabytecachesonsideredn this dissertation.To find the exactnumberof missesn a
time sample,it is necessaryo know the stateof the cacheat the beginningof the sample. Unfor-
tunately,this stateis typically not known-S. FurthermoreChapter3 showsthat a time sampleof many
millions of instructionsmay be requiredto initialize a multi-megabyteset-associativeachefully, soit
is prohibitively expensiveto generatahe cachestate. Therefore an effectivetime-samplingtechnique
mustnot dependon knowledgeof theinitial cachestate.

Severalcold-startreductiontechniqueshavebeenproposedihis chaptercomparedive different
ones. Thefirst, calledCOLD, is the defaultcasethatsimply ignoresthe cold-startproblemandassumes
thatall initialization (or cold start)referencesremisses. The secondcalledHALF, attemptsto warm
the cacheto removethe cold-startbias. Thefirst half of atime samplepartially initializes the cache and
therestestimateshe MPI.

Thesetwo simple techniquesare included with three more sophisticatedones. PRIME warms
individual cachesetsratherthanthe entire cache. It countssecondarycachereference®only after the
correspondingethasbeenprimed, thatis, afterinitialization of all block framesin the set. For direct-
mappedcachesthefirst referenceo eachset(the onethat primesthe set)is usedonly for priming, and
the cachesimulator countsthe restof the referencedo estimatethe steadystatemissratio [STON90].
For higher associativitiesthe simulator countsreferencesonly whenit touchesa non-most-recently-
usedblock frameaftersetpriming [LAPI88]. PRIME directly estimateghe secondarycachelocal miss
ratio, not MPI, so all PRIME accuracymeasurementsomparethe miss ratio®”. Thesecomparesare
nearly equivalentto MPI comparedecauseMPl equalsthe local missratio timesthe secondarycache
referenceger instruction. They are not exactly equivalentbecausgrimary cacheinitialization alters
thesecondarygachereferenceperinstruction.

STITCH approximateshe stateof the cacheat the beginningof a sampleby the stateof the cache
after the simulationof the previoussample. That s, the cachesimulatorstitches the samplesogether
and simulatesthem as a single trace[AGHH88]. The simulatorusesthe first 1/4 of the instructions
from the stitchedtraceto warmthe cache.

The final cold-startreductiontechniqueis INITMR. INITMR estimateqy, the fraction of cache
initialization referenceghat would have missedhad the cachebeenwarm. The actualmissesA, are
thosethat would occurwhensimulatinga given time-samplestartingwith a warmcache. A=M +uU,
where M is the known missesand U is the initialization (unknown)referencegluring the cold-start
simulationof this time-sample(note that the simulationdoesnot assumethat initialization references
aremisses).INITMR estimatesu by ﬁsp”t for eachtime-samplgWoHK91]. ﬁspm dependon (1) the

16. Przybylskiestimatedhe cachestateby prefixing previously-referencetllocks onto the beginningof
time sampleg[Przy88]. With many trace-gatheringechniquesit is impossible(or extremelydifficult) to
determinethis prefix. Furthermorewith multi-megabytecacheghe storagespacerequiredfor the prefix can
beaslargeasthetime-samplatself.

17. This secondarycachelocal miss ratio is the secondarycachemissesper secondarycachereference
(aggregateaver all sets)[PRHH89]. The simulatorusesPrimary cachemissesandwrite-backs(from both
primedand unprimedprimary cachesets)to prime secondancachesets. PRIME doesnot directly estimate
thesecondarngacheMPI becausgrimary cachemissesnot instructions, primethe secondargachesets.
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fraction of time that cacheblock frameshold blocksthat will not be referencedeforebeingreplaced,
and (2) the fraction of block framesthat the simulatorinitializes during the cold-startsimulationof a
sample. Whenthe samplesouldnot estimate(1), it wasassumedo be0.7.

To give a statisticallysignificantcomparisorof the alternativecold-starteliminationtechniquesit
is necessaryo extractmanysampledrom eachtraceandaverageheresults. This focuseghe attention
onreducingthe cold-startbiasof a setof time-sample$rom a givenworkload,ratherthananindividual
sample. The rest of Section4.3 comparesaveragesratherthan comparingeachindividual sample
value. Thirty samplef length 100 thousand.l million, 10 million, and100 million instructionswere
takenat equalintervalsfrom eachfull traceusedin this dissertation. The availability of the full traces
allows the state of the cacheat the beginningof eachtime-sampleto be determined,and thus the
unbiased (or true) missesof the thirty samplescould be preciselycalculated. Unbiasedmeanghereis
no cold-startproblembecauséhe cachesareproperlyinitialized at the startof the sample. This section
evaluatesthe cold-start elimination techniquesby comparingtheir estimatesto the averageof the
unbiasedsamples.In otherwords, this sectionfinds how well the techniqueseliminate the cold-start
bias. Notethatthe unbiasedhverageof thethirty sampless not the true valuefor thefull trace. Section
4.3.2variesthe numberof samplesandcomparesvIPl estimatego the full traceMPI to learnthe sam-
pling error. This sectionconcentratesnly onthe bias,notthe samplingerror.

The comparisorbetweenthe techniqueds not simple. Simulationswererun for the thirty sam-
ples of eachtrace. The simulatedsecondarycachesare 1-megabyte 4-megabyteand 16-megabyte
direct-mappedind 4-way set-associativevith block sizesof 128 bytes. For different samplelengths,
Table 4.5 showsthe cold-startbias of the different cold-startreductiontechniquesusing the thirty
Multl.2 samples.Thedatain Table4.5is for direct-mappedaaches.The moststriking characteristids
the large biaswith the shortestsamplesandthe biggestcaches.The initialization referenceslominate
the COLD estimatesfor example. None of the techniquescan eliminate the cold-startbias whenthe
samplelength is too short. Table 4.5 showsthat the COLD estimatesare always larger than the
unbiasedMPI, as expected. HALF and STITCH typically overestimatethe unbiasedMPI, while
PRIME underestimates.Over the direct-mappedcachesand samplelengths, INITMR producesthe
mostaccurateestimatedor thethirty time sampledrom Mult1.2.

Theresultsfor the Multl.2 tracein Table4.5 aretypical, thoughthey changefor differentwork-
loads. Table4.6 showserrorsfor all tracesusedin this dissertation. The datain thetableis for direct-
mappedcachesand samplesof 10 million instructions. It showsthat the accuracytrendsarethe same
acrossthe different traces. The Lin traceis an exceptionalcasewhere considerablylower unbiased
MPI’s causedmuch larger errors. Similarly to Table 4.5, the resultsin Table 4.6 show that PRIME
underestimatethe unbiasedvIPI of direct-mappedaches.This is consistenwith the observation®of
Laha,etal., [LAPI88]. STITCH producessubstantiabverestimatesgor all the tracesexceptSor. The
overestimatiorof STITCH agreeswith the resultsin Wood's appendixon stitching [WooD90]. With
the hugematrix traversalsof the Sorworkload, however,stitching gavean optimistic cachestateesti-
mateat the beginningof eachsample. Normally, previousaccesseblaveclearedout the cachewhile
the datais beingaccessedWith stitching,thereis a chancehat usefuldatamay havebeenavailableat
the endof the previoussampleof Sor. HALF tendsto overestimateparticularlywith the largercaches,
but it is more accuratewith longer samples. For the 16-megabytecachewith Multl.2, HALF hasa
100%biaswith the 10 million instructionsamples.
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Cache Sample | TrueSample
Size  Length | MPIx1000 COLD HALF PRIME STITCH INITMR
0.1 1.73 +254%  +150% -73% +198%  +103%
M 1 1.45 +88% +74%  -50% +57% +21%
10 1.57 +16% +2%  -18% +2% +2%
100 1.48 +2% -3% -3% +0% +0%
0.1 0.87 +594%  +387%  -80% +439%  +123%
M 1 0.70 +262%  +234%  -73% +164% +63%
10 0.77 +66% +25%  -51% +27% -5%
100 0.72 +12% -3%  -23% +6% -2%
0.1 0.35 +1629% +1093% -97%  +1201%  +400%
16M 1 0.31 +699%  +625%  -91% +448%  +100%
10 0.37 +200%  +103%  -80% +90% -3%
100 0.33 +67% +32%  -61% +5% -17%

Table4.5. Accuracy of Cold-Start Techniquesfor Multl1.2.

This table showsthe accuracyof the cold-starttechniquedor severalsamplelengthsand direct-mapped
cacheswith the Mult1.2 trace. For eachcold-startbiasreductiontechniquethe tableshowstherelativeer-
ror of the estimatedaverageVPI of the thirty time sampledrom the unbiasedaverageMPI of the samples.
(The secondarycachelocal missratio relative error, not the relative MPI error, is shownfor PRIME.) An
error of 100%meanghe estimateis doublethe unbiasedvaluewhile anerror of -50% meansthe estimate
is half theunbiasedsalue.

To find the effect of associativityon the alternativecold-startelimination techniques,Table 4.7
showsthe sameresultsas Table 4.6 for 4-way set-associativeachesyatherthandirect-mapped.The
changein the errorsof PRIME may be the largestbetweenthe tables. With higherassociativity,the
heuristiccompensationf Laha,et al., reduceghe PRIME underestimatiomias. The simulatorcounts
referencedo a primed 4-way associativeset only when it touchesa non-most-recently-usetlock,
rather than counting immediately after set-priming as in the direct-mappedcase. This heuristic
removedhe biasof PRIME with somesuccesshut oftenits MPI estimates still substantiallyin error.

Table 4.8 scoresthe different cold-starttechniquesbasedon the accuracyof their estimatesand
the comparisorwith the otherestimationtechniques.The table showsthe timesthe estimateis within
10% of the unbiasedvalue (10%) andthe timesthe estimateis the closest(in percent)to the unbiased
value (Win). Overall the cacheconfigurationstraces,andsamplelengths,INITMR produceghe best
estimates.INITMR hadthe mostestimatesvithin 10% of the unbiasedvalue: 69 of 192. This is over
twice asmanyas COLD, PRIME, or STITCH, andis 15% morethanHALF. INITMR alsoproduces
the mostaccurateesultaboutthreetimesmoreoftenthanany of the othertechniques63% of thetime
INITMR wasasgoodasor betterthanthe others. Whenthe time-sampleengthsare short, or barely
long enoughNITMR is superiorto any of the othertechniguesexaminedn this study. As the sample
lengthsincreaseio wherecold startis a smallerfactor, HALF is alsogood. INITMR is generallythe
bestcold-startreductiontechniqueof thoseexaminedn this study.

Thereareseveralimportantproblemswith PRIME that makeit lessaccurateahanINITMR. The
firstis that PRIME is unsuccessfulit removingall biases. Sincethe simulatorcountsthe hits immedi-
atelyfollowing the priming of the setbeforeanylater missesgcountingreferencesmmediatelyafter set
priming underestimatesThis is particularlytroublesomdor direct-mappeaaches.The heuristiccom-
pensatiorof Laha,etal., improvesits estimategor cachesf higherassociativity[L AP188], butit is still
ofteninaccurate.The secondmportantproblemis that PRIME wasteghe referencesisedto primethe
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Cache | TrueSample

Trace Size MPI x1000 COLD HALF PRIME STITCH INITMR
M 1.45 +18% +5%  -18% +23% +0%

Multl 4M 0.62 +77% +27%  -50% +52% -11%
16M 0.28 +233%  +114%  -80% +131% -12%

M 1.57 +16% +2% -18% +2% +2%

Mult1.2 IM 0.77 +66% +25%  -51% +27% -5%
16M 0.37 +200%  +103% -80% +90% -3%

M 1.21 +18% +2%  -26% +23% -3%

Mult2 4M 0.60 +70% +31%  -62% +53% -24%
16M 0.25 +264%  +168%  -85% +147% -9%

M 1.18 +19% +15%  -27% +29% -1%

Mult2.2 4M 0.62 +71% +50%  -61% +56% -13%
16M 0.29 +233%  +180%  -84% +141% -3%

1M 2.55 +4% -0%  -33% +32% -2%

Tv 4M 1.76 +15% +9% -56% +37% -4%
16M 0.95 +79% +61%  -76% +71% +37%

1M 15.68 +0% -0% -5% -11% -0%

Sor 4M 8.08 +18% +2%  -18% -8% +6%
16M 2.00 +190% +60%  -76% -8% +114%

M 2.00 +13% -0%  -10% +29% -1%

Tree 4M 0.51 +107% +8%  -50% +43% +24%
16M 0.30 +217% +35%  -77% +69% +18%

1M 0.75 +20% 7%  -29% -0% +16%
Lin IM 0.06 +1113%  +535%  -62% +217% +903%
16M 0.01 +4648% +2248% --% +873%  +1037%

Table 4.6. Accuracy of Cold-Start Techniques With Direct-Mapped Caches.

Forsamplesof 10 million instructionsthis tableshowsthe accuracyof the cold-starttechniquedor several
direct-mappedacheswith all thetraces. The errorsarecalculatedasin Table4.5.

cache sets. Many referencescan be consumedinitializing a set, particularly with larger set-
associativities.For severalsamplelengthsandsecondargachesPRIME lost so muchinformationthat
it could not producea statisticallysignificantestimate.

Trace stitching also producesMPI estimatesthat are less accuratethan INITMR. Usually,
STITCH overestimatedhe unbiasedVPl. STITCH did betterwith thelongersamplesecaus¢hetime
betweerthe sampless shorter. With sampleghatarecloselyspacedn time, the cachestateat the end
of a previoussamplemay closely predictthe stateat the beginningof the nextsample but it doesn’tin
general.INITMR is superiorin this study.

The simple HALF schemeproducesbetter estimatesthan either PRIME or STITCH. For the
longestsamplesasmanyestimatesarewithin 10% of the unbiasedneanwith HALF aswith INITMR.
This suggestghat HALF is a useful techniquefor long samples. Over the widest rangeof sample
lengths however INITMR is superiorto HALF.

An accurateestimateof the initialization referencamissratio, |, is animportantcontribution of
INITMR. Table 4.9 showsp valuesand the accuracyof the ﬂspm estimatesof INITMR. Previous
researcherpostulatedhatp valuesshouldbein arangesimilar to the missratio of the cache[SToN90].
Similar to Wood, et. al [WoOHK91], theseresultsshowp valuesmuchlargerthanthat, ashigh as92%.
U depend®n the fraction of time thata cacheblock frameis uselesslyretainedin the cachejit haslittle
relationshipto the overallcachemissratio.
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Cache | TrueSample

Trace Size MPI x1000 COLD HALF PRIME STITCH INITMR
M 0.94 +21% -5% -6% +36% -11%

Multl 4M 0.44 +106% +29% -51% +80% -4%
16M 0.22 +313%  +157% -99%  +167% -8%

1M 1.20 +15% -5% -9% +6% -7%

Mult1.2 IM 0.60 +81% +21% -40% +43% +1%
16M 0.32 +232%  +118% -57%  +104% -3%

1M 0.92 +14% -5% -18% +33% -16%

Mult2 4M 0.49 +84% +34% -64% +68% +2%
16M 0.22 +316%  +202% -78%  +170% -9%

M 0.96 +16% +10% -14% +38% -10%

Mult2.2 4M 0.52 +84% +54% -52% +73% -1%
16M 0.25 +285%  +221%  +15% -161% -14%

1M 2.14 +4% -2% -22% +32% -2%

Tv IM 1.53 +14% +6% +12% +39% -8%
16M 0.82 +99% +75% +195% +87% +32%

1M 15.46 +0% -0% +0% -11% -0%

Sor 4M 8.57 +9% -1% -12% -8% -2%
16M 2.17 +158% +34% -81% -4% +60%

M 1.60 +11% -3% -9% +35% -6%

Tree 4M 0.41 +124% -5% -32% +70% +18%
16M 0.25 +263% +38% +83% +77% -17%

1M 0.69 +26% +6% +9% +6% +21%
Lin IM 0.02 +2763% +1322%  +81%  +778%  +1797%
16M 0.01 +4648% +2248% --%  +873% +1037%

Table4.7. Accuracy of Cold-Start Techniques With 4-Way Set-Associativity.

Forsamplesof 10 million instructionsthis tableshowsthe accuracyof the cold-starttechniquedor several
4-way set-associativeacheswith all thetraces. Theerrorsarecalculatedasin Table4.5.

A major contribution of Wood, et. al [WOHK91], was a renewal-theoreticnodel of block
residencei the cacheasgenerations.Onegeneratiorof a cacheblock frameis thetime thatit holdsa
givenblock. A cacheblock frameis dead whenthe nextreferencdo it causes missthatloadsa new
block (andstartsa newgeneration).Whenthe assumptionsf the renewal-theoretiecnodelof Wood, et.

al, hold, u = % whereD is the averagedead time, and G is the averagegeneratiortime. In practice,

D/G is a good estimateof the fully initialized p althoughthe assumption®f the model are violated.
Furthermorethe behaviorof yu canbe estimatedoy ﬁspm whenthe sampledoesnot entirely initialize
the cache. [ipjit is a function of both D/G andthefraction of the cachethatthe simulatorinitializes by
the end of the sample. Whenthe sampleentirely initializes the cache,ﬂspm is the estimatedvalue for
D/G. When the sampleinitializes only a small portion of the cache,ﬂspm decreasedecausql is
smaller;thefirst initialization referencesirelesslikely to be misseghanthelaterones.

Table 4.9 showsdecreasingvaluesfor p as the cachesize increasesand the samplelength
decreasesThis is preciselywhenthe portion of the cachethat the sampleinitializes decreasesyhich
confirmsthatthefirst initialization referencesrelesslikely to be missesandthatp is smallerwhenthe
sampleinitializes less. Examinationof p valuesfor set-associativeachespeyondthe direct-mapped
cacheresultsshownin Table 4.9, showssimilar u behaviorsthoughthe absolutevaluesof y tendedto
increaseslightly with associativity.
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Cache Sample COLD HALF PRIME STITCH INITMR
Size Length
(Mill 10% Win | 10% Win | 10% Win | 10% Win | 10% Win
0.1 2 0 2 5 0 2 0 0 0 9
1M 1 2 1 4 4 3 5 1 2 3 5
10 4 2 15 13 7 1 4 3 12 8
100 16 5 16 7 16 6 6 2 16 12
0.1 0 0 0 0 0 1 1 2 1 13
AM 1 0 0 0 1 1 2 2 1 4 13
10 1 0 6 6 0 1 2 1 10 8
100 7 1 14 4 3 2 5 3 12 7
0.1 0 0 0 0 0 0 0 0 0 16
16M 1 0 0 0 0 0 0 1 2 0 14
10 0 0 0 0 0 1 2 4 6 11
100 0 0 3 2 1 0 5 9 5 5
0.1 2 0 2 5 0 3 1 2 1 38
Al 1 2 1 4 5 4 7 5 5 7 32
10 5 2 21 19 7 3 8 8 28 27
100 23 6 33 13 20 8 16 14 33 24
All All 32 9 60 42 31 21 29 29 69 121

Table4.8. Scoring of Different Cold-Start Techniques.

This table scoresthe accuracyof the different cold-starttechniquedor all the different traces. It givesa
“10%” point eachtime the averageestimateof thirty time-sampless within 10% of their unbiasedaver-
age. It givesa“Win” pointeachtime the estimates cIosesKIog(mﬂ) closestto 0.0) of all schemes
to the unbiasedaverageof the thirty samples.Multiple pointsareawardedon ties, sothe winnersmay not
be constantfor eachrow. The maximumpointsis 192 in eachcategoryat the bottom. The scoresshown
arethe sumfor direct-mappednd4-way caches.

ﬁspm is moreaccuratevhenthe cachesizeis smallerandthe sampleis longer. Therearetwo rea-
sonsfor this: (1) u canbe moretightly boundedasthe cachebecomeganorefully initialized, and (2)
more missesgive a more accurateestimateof D/G. Whena samplefully initializes a cacheduring a
cold-startsimulation,the u valuefor the sampletendsto be closeto D/G, makingpredictionsimple. It
is moredifficult to predictp whenthe sampledoesnot fully initialize the cache however,becauseau
then dependson the distributionsof the generationand deadtimes. ﬁspm doesnot useknowledgeof
thesedistributions. Insteadjt is the middle value betweerupperandlower boundsgiven by Wood, et.
al [WoHK91]. Theseboundstighten as the fraction of the cacheinitialized by a sampleincreases.
Thus,the errorof pigp)it decreasewith theinitialization fraction, providedD/G is known. D/G canbe
estimatedemarkablywell with few cacheblock framelifetimes, but morelifetimes give a higheraccu-
racy. More lifetimes canbe providedby alongersample.

The combinationof amorefully initialized cacheandmanymissedeadsto the mostaccurateesti-
matesof u asthe samplelengthincreasesndthe cachesizedecreasesWhenthe samplesaretoo short,
Table 4.9 showsthat flspm canpoorly estimatey. The Lin samplesare a particularexampleof this,
wheresamplesof 100,000instructionsinitialize about0.11%of the 16-megabytecache,an extremely
smallportion. This leadsto a poorestimateby [igpjit.

The ultimate usefulnesof INITMR is determinedhot by the accuracyof the p estimate but by
the accuracyof its MPI estimates. Inaccuraciesin the p estimatesdo not translateinto MPI
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H Values (and Error of figiit)
Trace Cache SampleLength (Millions of Instructions)
Size 0.1 1 10 100
Y 0.25(68%) 0.28(115%)  0.49(3%) 0.65(-4%)
Multl aM 0.12(102%)  0.15(186%)  0.38(-25%) 0.66(-14%)
16M | 0.05(258%) 0.09(380%)  0.26(-19%) 0.50(-35%)
1M 0.21(111%)  0.36(40%) 0.54(11%) 0.63(0%)
Mult1.2 aM 0.13(96%) 0.21(98%) 0.41(-12%) 0.65(-11%)
16M | 0.08(143%) 0.12(121%) 0.27(-11%) 0.49(-36%)
1M 0.19(67%) 0.35(27%) 0.59(-14%) 0.67(-2%)
Mult2 aM 0.10(73%) 0.24(39%) 0.46(-39%) 0.63(0%)
16M | 0.05(230%)  0.14(146%)  0.25(-15%) 0.42(-18%)
Y 0.18(102%)  0.37(33%) 0.58(-6%) 0.68(-3%)
Mult2.2 aM 0.13(83%) 0.25(41%) 0.44(-27%) 0.62(-2%)
16M | 0.09(90%) 0.15(81%) 0.27(-11%) 0.42(-1%)
1M 0.20(70%) 0.47(-21%) 0.74(-21%) 0.82(1%)
Tv aM 0.15(40%) 0.39(25%) 0.62(-27%) 0.75(0%)
16M | 0.08(148%)  0.24(50%) 0.38(62%) 0.45(33%)
1M 0.92(-56%) 0.90(-17%) 0.91(-5%) 0.91(-5%)
Sor aM 0.55(-47%) 0.54(15%) 0.55(15%) 0.55(7%)
16M | 0.17(17%) 0.18(200%)  0.30(122%)  0.58(-9%)
Y 0.14(369%)  0.24(71%) 0.51(-32%) 0.65(-12%)
Tree aM 0.04(1450%) 0.13(122%)  0.41(-22%) 0.76(-29%)
16M | 0.03(729%) 0.11(223%)  0.35(-28%) 0.71(-60%)
1M 0.25(5%) 0.36(43%) 0.40(115%)  0.66(32%)
Lin aM 0.02(1178%) 0.05(418%)  0.08(758%) 0.17(312%)
16M | 0.01(1621%) 0.03(463%) 0.05(277%) 0.16(61%)

Table4.9. u and the Accuracy of its Estimator (ﬁspm).

This table showsaverageu valuesfor the thirty samplesandthe error of the INITMR ﬂspnt averageesti-
mates(+100%meanghe estimateis doubleof the true valueand-50% meanghe estimateis half thetrue
value). Theseresultsareshownfor direct-mappedecondancachesandseveralsampldengths.

inaccuracie®f the samemagnitude. INITMR mitigatesthe effectof y errorsbecausét includesknown
misses,in addition to missesfrom initialization referencesin the MPI estimate. Known missesare
thosethatarenot aresultof aninitialization reference.

Forthethirty sampleof differentlengthstakenfrom eachtrace, Table4.10showsthe error of the
INITMR MPI estimates.The resultsclearly showthat samplesof 100,000instructionsaretoo shortto
overcomehe cold-startbiasof the largecachesconsideredn this dissertation.(This is not too surpris-
ing sincethe largestcachescontainover 100,000cacheblock frames!) INITMR cannotaccuratelyesti-
mate MPI whenthe simulation spendsmost of the referencesnitializing the cache. This is why an
accurate=stimateof the MPI of the largercachess difficult with the shortersamplesandit is alsowhy
the Lin estimatesareinaccurate.INITMR requiresmanyknown missesto obtainan accuratesstimate
of the MPI. This is partially becausau cannotbe accuratelyestimatedwithout many known misses:
known missesare neededto estimatethe fraction of time that block frameshold blocks that are not
referencedbeforebeing replaced(D/G). Furthermorewith many known misses(M >> U), accurate
approximationof u is lessessentiabecaus&known missesare a larger portion of the total misses. In
Table4.10the caseswvhereinitialization referencefdill atleasthalf the cacheandtherearemoreknown
misseghaninitialization referencesare markedwith a™'. Thesemarkingsoccurwith longersamples
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and smallercachesizessincea larger portion of all missesare known missesin thesecases.Larger
cachesrequire more instructionsto initialize, which implies a larger sampleis neededfor the same

accuracy.

Trace Cache | Full Trace | Samplelength(Millions of Instructions)

Size | MPIx1000 0.1 1 10 100
Multl M 1.55 86% 47% 0%* 0%*
aM 0.70 156%  120% -11% -3%*

16M 0.33 281%  335% -12% -17%
Mult1.2 M 1.45 103% 21% 2%* 0%*
aM 0.69 123% 63% -5% -2%*

16M 0.32 400%  100% -3% -17%
Mult2 1M 1.24 49% 20% -3%* 0%*
aM 0.61 48% 39% -24% 0%*

16M 0.26 212%  146% -9% -3%
Mult2.2 M 1.18 127% 24% -1%* 0%*
aM 0.59 127% 60% -13% 0%*

16M 0.27 170%  106% -3% 8%
Tv M 2.63 36% -10% -2%* 0%*
aM 1.88 34% -9% -4% 0%*

16M 1.03 145% 39% 37% 12%
Sor 1M 14.77 -41% -3%* 0%* 0%*
aM 7.54 -27% 44% 6%* 0%*
16M 1.97 83%  386% 114% -2%*
Tree M 2.16 249% 36% -1%* 0%*
aM 0.59 1407%  121% 24% -7%*

16M 0.30 796%  198% 18% -37%
Lin M 1.16 -30% -14% 16% 1%*

aM 0.09 1437%  946% 903%  113%

16M 0.02 2567% 1318%  1037% 176%

Table 4.10. Accuracy of INITMR Time-Sample MPI Estimates.

This table showsthe relative error of the time-sampleINITMR MPI estimatesover a rangeof direct-
mappedsecondarycachesizesand samplelengths. The error is the differencebetweenthe averageMPI
estimateof the thirty samplesandthe unbiasedaverageMPI of the thirty sampleqasa percentof the un-
biasedaverage).A *** denoteghe constraintghat: (1) the cachesvereat leasthalf initialized by the sam-
ples(onaveragel = 0.5xCacheSze), and(2) therewere more known (non-initialization)misseghanini-

tializationreferencegon averageM = U).

Whenthe ratio of known missesto unknown missesincreasesthe maximumerror of INITMR

shrinks. Theassumptiorthat noneof the initialization referencesniss(jft =0.0) givesalower boundon
the unbiasedMPI. Similarly, the assumptionthat all initialization referenceshit (i =1.0) gives an
upperbound. Sinceﬁspm givesa moreaccurateestimateof p thaneitherthe lower boundor the upper
bound,the errorof the MPI estimatefrom INITMR is usuallymuchsmallerthanthesebounds particu-
larly with moreknownmisses.

Whenthereis a**’ in theentryin Table4.10,INITMR alwaysproducesstimateswithin 10% of
the unbiasedralues. This is a usefulpropertyof INITMR: whenthe constraintdistedin Table4.10are
satisfied the resultingMPI estimatesare unbiased. Unfortunately,simulationsrequiresamplelengths
of millions of instructionsto meettheserestrictionswith multi-megabytecaches.For the tracesin this

study,samplesf 1-10million instructionswereusuallyenoughfor 1-megabyteaches10-100million

instructionsfor 4-megabytecachesand 100 million instructionsor more are neededor 16-megabyte
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caches.Theseresultsagreewith the rule-of-thumbthat tracelength shouldbe increasedy a factor of
eighteachtime the cachesizeis quadrupledSToN90]. Accurateresultscould be obtainedwith shorter
samplesf the MPI’s of thetraceswerehigher. With thelargercachesthe Lin tracehasMPI’s thatare
too low to getenoughmissesgvenwith samplesof 100 million instructions butthe Sortracehadhigh
enoughMPI’s to producegoodestimatesvith muchshortersamples.

Table 4.10 shows INITMR results for direct-mappedcaches,but similar results have been
observedor cachesf higherassociativity. Sincethesecacheshavea lower MPI and moreinitializa-
tion referencessimulationsrequirelongersamplego producethe sameratio of knownmissedo initial-
ization references.This makesit more difficult to obtain accurateMPI estimates.However,with a
sufficiently high ratio of known to initialization referencesaccuracyis assuredwith set-associative
cachegust aswith direct-mappedaches.

Resultsfrom multiple samplescan be unified in severalwayswith INITMR. An alternativeto
calculatingan individual {sp)it for eachsample,asdonein all otherresultsin this section,is to merge
the statisticsof the samplesandproducea single ﬁspm thatis usedfor all. The potentialadvantageof
mergingis a moreaccurateD/G estimate. The disadvantagés that differentphase®f executioncould
causelarge differencesin the actualpy acrosssamplesgevenif the samplescomefrom the samefull
trace;treatingthemthe samecould leadto inaccuracies.Furthermoresomesamplescouldinordinately
biasﬁspm andconsequentlyistortthe MPI estimate.

For the thirty samplesof 10 million instructionstakenfrom eachfull trace,Table4.11 showsthe
accuracyof individual and mergedﬁsp“t calculations. For the mergedﬁspm, D and G are calculated
with the statisticsof the generationgrom all samplesdisregardinghe differencesin the generations
acrosssamples.Thefraction of the cachethatis initialized is the averageoverall the cold-startsimula-
tions.

Table4.11 showsthatthereis a slight advantageo the individual ﬁsp”t calculation. This is true
overall the samplelengthsandassociativities.It showsthat mergingstatisticsfrom multiple samples,
evenif the samplescomefrom the samefull trace,may not give accurateresults. The phasechanges
acrossthe different samplesleadsto distortionsin the INITMR MPI estimatewhenthe samplesare
merged. While merging may be a good idea for samplesthat are similar, these sampleswere
sufficiently differentto producepoorresults. This chapterusesheindividual calculationof ﬁspm.

4.3.2. What Fraction of the Full Traceis Needed?

This sectionfinds the time-samplingerror by comparingtime-samplemeanMPI estimatego full
traceresults. It showsthe errorsfor varying portionsof the full tracedata,or equivalentlywhenthe
samplesizeis constantyaryingnumbersof time-samples.The MPI estimatefrom a singletime-sample
hasa much larger variancethan the MPI estimatefrom a set-sampleof the samesize becausesach
time-samplecapturesonly one (or perhapsa few) phase®f workloadexecution. Evenoverlong inter-
vals of execution,the MPI of different time samplesfluctuateswidely becausecacheperformance
changeswith the different executionphases.This makesit necessaryo have manytime samplesto
predictthe meanMPI of afull traceaccurately. More samplesscatterechcrossthe entire executionof
anapplicationwill improveestimationaccuracyput they alsomay increaseaequiredstoragespaceand
simulationtimes; the samplesizeandthe numberof samplegivesthe tracedatarequirementgor time
sampling.
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: Full Trace Hspiit Calculation

Trace  Size | \ib1x1000 | Individual  Merge
1M 1.55 0% 1%

Multl IM 0.70 -11% -10%
16M 0.33 -12% 21%

M 1.45 2% 3%

Multl.2 4M 0.69 -5% -11%
16M 0.32 -3% 17%

1M 1.24 -3% -3%

Mult2 IM 0.61 -24% -20%
16M 0.26 -9% 35%

1M 1.18 -1% 0%

Mult2.2 IM 0.59 -13% -16%
16M 0.27 -3% 24%

1M 2.63 -2% 0%

Tv 4M 1.88 -4% 2%
16M 1.03 37% -3%

1M 14.77 0% 0%

Sor IM 7.54 6% 5%
16M 1.97 114% 190%

1M 2.16 -1% 0%

Tree IM 0.59 24% 34%
16M 0.30 18% 39%

1M 1.16 16% 19%
Lin IM 0.09 903% 1014%
16M 0.02 1037% 1562%

Table4.11. Individual Versus Merged [igyi Estimation.

This table showsthe errorsof different waysto calculateﬁspm (for the thirty samples). The alternatives
areto calculatejgpjit for eachindividual traceor to calculatea single mergedpi gt for all the samples.
The table showserrorsof the MPI estimatesfrom the unbiasedVIPI of the samples. The resultsare for
direct-mappedachesandsamplesf 10 million instructions.

Figure4.5illustratesthis samplingeffect for the Multl.2 trace;the left graphillustratesthe case
wherethereis no cold-startbias(unbiased).Eachshadedareacorrespondso time samplingwith a dif-
ferentsamplelength. The areadisplays,for varying portionsof the tracedata,the interval where90%
of the MPI estimatedall (5% of the estimatesareaboveand5% arebelow). Eachindividual MPI esti-
mateconsistsof samplesspacederiodicallyacrosghe full traceto capturepiecesof asmanydifferent
executionphasesaspossible. Sincea unigueportion of the tracedataproducessachMPI estimatethe
numberof MPI estimatess inverselyproportionalto the tracedatafraction. The areasarein the shape
of aconewith a certainthicknessalongthe y-axis andlengthalongthe x-axis. With no cold-startbias,
all the conesare almostcenteredon the ratio of 1.0, which saysthat the sampleestimatescorrectly
predictthe full traceMPI (on average).Theleft-mostedgeof eachconerepresents singlesample;the
thicknessof the edgeis the interval where90% of the single-time-sampldPI estimatedall. Shorter
samplelengthsproducelongerconesbecause singlesampleis a smallerportion of the full tracedata.
The distinctive coneshapeis producedecauseddingmore sampledi.e. usinga largerportion of the
full tracedata)reducedhe varianceof the aggregatedPl estimate.Note thatthe conethicknessmay
not strictly decreasevith increasingfractionsof the tracedatabecauseachestimatecapturedifferent

executionphasedor eachfraction. The conethicknessdecreaseby approximatelya V—l_ factorasthe
n

number of sample%9 (n) increasesecausehe standarddeviation of the samplemeandecreasest

19. The numberof samplesat a given fraction of the tracedatais the distancefrom the left end of the
cone. Thenumberof samplesattheright endof eachconeis 30 onehundrednmillion instructionsamplesand
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approximatelhthatrate.

Unbiased INITMR Estimates
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Figure 4.5. Accuracy of Time Sampling with Mult1.2.

This figure hasareas(cones)for different samplelengthsfrom the Mult1.2 traceshowingthe accuracyof
time samplingfor a 4-megabytalirect-mappedecondarycache. The left graphshowsthe unbiasedaccu-
racy resultswhile the right graphis for the INITMR Estimates.For a given fraction of the full tracedata,
the enclosednterval showswhere90% of the MPI estimatedall. Theleft endof eachareacorrespondso
a singlesample. The dottedlines showthe mean90% confidenceintervals (upperand lower bound)for
eachsamplesize.

Figure4.5alsoshowsthe averaged0% upperandlower confidencebounds(dashedines)for each
cone. Section2.5 showshow to calculatethe confidencantervals. Note that the log scaledistortsthe
lower bound;the averageupperand lower boundsare (linearly) equi-distantfrom the centerof their
correspondingone. With only a few samplesthe 90% confidenceantervalsmay not successfullycon-
tain the true mean90% of the time becausehe MPI of theindividual time sampleds not normally dis-
tributed. With 30 or moresampleshowever the 90% confidencentervalstypically did containthetrue
mean90% or moreof thetime. This showsthat the confidencdnterval techniquegrom Section2.5are
appropriatenith 30 or moresamples.

The shapeof the cones(andtheir correspondin@verageconfidencebounds)suggestshe needfor
manysamples.At a givenfraction of thefull tracedata,the accuracyof time samplingis the thickness
of the cone. The conemay be narrowenough(or equivalently,the varianceof the samplingestimates
may be smallenough)only after hundredsof sampledrom the Mult1.2 trace. Laha,et al., suggesthat
35 samplesvereenoughto characterizeéheir traces[L API88]. The conesin Figure4.5 suggesthat,in
general,more samplesmay be neededpatrticularly for high accuracywith the shortersamplelengths.
Insteadof strictly using35 samplesit is betterto havemore samplesasthe samplelengthdecreaset
keepaccuracy(conethickness)constant. It is intuitive that more samplesshouldbe usedsince,in the

30000nemillion instructionsamples.
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extremecase 35 samplesf a singleinstructioncould hardly be expectedo estimatean MPI of about
oneperthousandnstructions. The varianceof the sampleMPI estimatess slightly largerwith smaller
sampleshecauseeachsampleincludeslesstracedata,so more samplesare neededor a desiredaccu-
racy. For example,with no cold-startbias,to ensurewith 90% probability that the MPI erroris less
than10%, 200 samplef 1 million instructions,65 samplef 10 million instructions,and20 samples
of 100 million instructionsmay be required. This is roughly a factor of threeincreaseasthe sample
sizedecreaseby afactorof ten.

Placingthe conesfor differentsamplelengthson the samegraphin Figure4.5 allows andexami-
nation of the tradeoffsamongdifferent samplelengths. For large fractionsof the tracedatawith no
cold-startbias,all samplelengthsgive estimatesiearthe true meanMPI of thefull trace. The conesfor
the shortersamplelengthsare more narrowat a given fraction of the full tracedatabecauseahereare
many more samplego reducethe varianceof the MPI estimate. This meansthat a smallerfraction of
the full traceis neededto assurea given accuracywith shortersamples.In the absenceof cold-start
bias, it is betterto havemanysmall sampleghana few large onesbecausenore smallersamplesap-
ture more executionphasessamplesof a single instructionwould give the mostaccurateresultsat a
fixed portionof the tracedata.

But the cold-startbias plays an importantrole in time-samplingaccuracy. The previoussection
showsthat the biasis largerfor shortersampleghanfor long samples.Although INITMR minimizes
the bias, it doesnot eliminateit entirely. The graphon the right side of Figure 4.5 showsthe time-
samplingresultsusing INITMR to compensatéor cold start. This graphis similar to the onewith no
cold-startbias (on the left) exceptthatthe 1-million instructionconeshifts awayfrom the value of 1.0
whereit correctly predictsthe full tracemeanMPI (on average). This shift occursbecausehe cold-
startbias could not be eliminatedby INITMR. INITMR may either overestimateor underestimate,
and consequentiithe conesare either shifted up or down. The overall shapeof the conesremains
largelyunchangedwhich suggestshatINITMR preserveshedistributionof the sampleMPI estimates,
exceptfor thebias.

Figures4.6aand4.6bshowthe INITMR conesfor therestof thetraces. In Figure4.6a,the mul-
tiprogrammedraceshavesimilar conesto Multl.2. The cold-startbiasis largerfor Mult2 andMult2.2,
however;samplef 10 million instructionsareinsufficientto removethe biasin the 4-megabyteache.
Tree gives wide coneswith few samplesbecausdhe samplevarianceis high, but the conethins out
well becausdargerportionsof the full tracedatareducethe varianceof the MPI estimate. For single
samplegqthe left edgeof the cones),Tree haswider intervalswith 10 million instructionsampleghan
with the 1 million instructionsamples. While the rangeof the Tree 1 million instructionsamplesis
much larger than the rangeof the 10 million instructionsamples90% of the 1 million samplesfall
within tighter boundsbecausehere are many more samplesand more cushionfor extremesample
values.

Figure4.6bshowsthatthe Tv MPI estimatesalsohavea high variancewith few samplesandthe
conethicknessdoesnot decreases quickly asthe othertraceswith largertracedatafractions. The
phasebehaviorof Tv causeghis. For muchof thetrace,it is building its largedatastructure. WhenTv
traverseghe structurefor a shorttime at the end of the traceit gives muchworsecacheperformance
andthereare manyphasechanges.lt is difficult to capturethe true meanperformanceof this final Tv
stagewith only afew time samples.The Sortraceconesareabnormalbecauséhey appeamlasymmetric
abouttheir center with lower valuescapturedn the cone. This occursbhecausehe time samplesof Sor
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Figure 4.6a. Accuracy of Time Sampling with Mult1, Mult2, Mult2.2, and Tree.

This figure showsaccuracyconeslike thosein Figure4.5 for the Multl, Mult2, Mult2.2, and Treetraces.
The areascorrespondo time-samplelengthsof 1, 10, and 100 million instructions. The enclosedarea
showswherethe MPI estimatedor 4-megabytalirect-mappedecondarcachedall with 90% probability.
The dashedinesshowthe averageestimated0% confidenceanterval (upperandlower bound).
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Figure 4.6b. Accuracy of Time Sampling with Tv, Sor, and Lin.

This figure showsaccuracyconeslike thosein Figure 4.5 for the Tv, Sor, and Lin traces. The areas
correspondo time-sampldengthsof 1, 10, and 100 million instructions. The enclosedareashowswhere
the MPI estimatedor 4-megabytalirect-mappedecondarycachedall with 90% probability. The dashed
linesshowthe averageestimated®0% confidenceanterval (upperandlower bound). Notethatthesegraphs
areatadifferentscale.
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tendto havea bi-modaldistribution, with eitherhigh or low MPI's. Thelow portion of the Sor curve
showsthatthe low valuesoccurredmorethan5% of thetime. The poor MPI estimateof INITMR for
the Lin traceareevident. The cold-startbiasdominateghe Lin results,particularlyfor shortersample
lengths sincethe MPI is solow.

Cachesizehasa largeeffecton INITMR time-samplingaccuracy. Figure4.7 showsthe Mult1.2
conesfor 1-megabyteand 16-megabyteaches. The conesaresimilar to the 4-megabyteconesin Fig-
ure 4.5, but their shapechangesshowingthe different distribution of MPI estimatedor the different
cachesizes. By comparingwith the INITMR resultsin Figure 4.5, the larger cold-starteffect with
bigger cachesis evident. While samplesof 1 million instructionswere clearly insufficient for the 4-
megabytecache they havea smallerbiasfor the 1-megabytecache. This implies thataccuracycanbe
achievedwith a smallerportion of thefull tracedata,lessthanthatneededvith the 4-megabytecaches.
The conesfor the 16-megabytecacheall showa cold-startbiasin Figure4.7. This illustratesthe need
for long sampledo analyzetheselargecachesmorethanonehundredmillion instructionsof thetraces
consideredn this dissertation.

1M INITMR Estimates for Mult1.2 16M INITMR Estimates for Mult1.2
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Figure4.7. Accuracy of Time Sampling for Different Cache Sizes.

This figure showsMult1.2 accuracyconeslike thosein Figure4.5 for direct-mappedecondarycachesof
1-megabyteand 16-megabytesThe areascorrespondo time-sampldengthsof 1, 10, and 100 million in-
structions. The enclosedareashowswherethe MPI estimatedor the secondarycachedall with 90% pro-
bability. Thedashedinesshowthe averagesstimated0% confidencenterval (upperandlower bound).

Sincetherangeof the MPI estimateds asimportantasthe interval that 90% of the estimatedall
in, Figure4.8 showsthe rangeof the estimatedor the Mult1.2 trace. It canbe considerablyhigherfor
few samples,particularly for the shorter samplelengths. The range grows as the sample length
decreasesincewith shortersamplesthereis greateropportunityfor variance. Furthermorethereare
more samplesincludedin the statisticsfor the shortersampleswhich increasegshe probability of an
extremevalue. The rangeof an individual cone decreasess the amountof trace dataincreasespf
course sincemoresamplesaverageaogetherto moderatehevalues.
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Range of INITMR Estimates for Mult1.2
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Figure 4.8. Range of Time-Sampling Estimate for Mult1.2.

This figure showsMult1.2 accuracyconeswhere90% of the estimatedall, similar to thosein Figure4.5,
with the enclosingrangeof all the estimates.The areascorrespondo the MPI estimatesf a 4-megabyte
direct-mappedachewith time-sampldengthsof 1, 10,and100million instructions.

The conesfor the different workloadsillustrate that obtaining accuratetime-samplingresults
requiressolving two sub-problemsremovingthe cold-startbias (centeringthe coneabout1.0 on the
graph),and removing the samplingerror (using enoughsamplesto be in the narrow portion of the
cone). To thefirst order,theseproblemsareindependentf eachother;the thicknessof the cone(or the
varianceof the MPI estimates)s the samewith or without the bias,andthe cold-startbiasis presenfor
the shortertime-samplesio matterwhat fraction of the tracedatais used. This decouplingof the prob-
lemsis usefulsinceit allowsthemto be solvedindependently.If a cold-startsimulationof a sample
hasmoreknownthaninitialization missesandfills the cacheat leasthalf full (i.e.if it satisfieghe con-
straintslisted in Table 4.10 of Section4.3.1),INITMR canremovethe cold-startbias. Then, a large
enoughportion of thefull tracedatawill ensureaccurateesults. The problemis thatthe cold-startcon-
straintsrequirelong time-samplesandmanysamplesareneededo reducethe samplevarianceandthe
thicknessf thecone.

Time samplingbecomedesseffective for largercachesbecausehe cold-startproblemis worse.
The problemis bad enoughthat time samplingmay not meetthe 10% samplinggoal for the largest
caches. Given the samplelength increasesneededfor larger caches,and since many samplesare
neededroughly 2/3 moretracedatais requiredeachtime the cachesizeis doubled. Accuratetime sam-
pling requiresmuchtracedatawith large caches.For example with Multl1.2 (Figure4.5), the 10 mil-
lion instructionsampleanustbe usedratherthanthe 1 million onesbecaus®f the cold-startbias. To
getthe 10 million instructionconewithin 10%, at least10% of the full tracedatais needed.Bigger
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cachegequirean evenlarger portion of the tracedatabecausehe cold-startbiasis worse. Eventhe
100 million instruction samplesfrom Multl.2 were not long enoughto eliminate the bias for a 16-
megabytecache. Consequentlythe samplinggoal cannotbe met. The needfor ever-largeitracedata
quantitieswith largercachess a distinctdisadvantagef time sampling.

In consideringINITMR to this point, only its accuracyin predictingthe mean MPI hasbeen
shown. Predictionof the distribution of the individual sampleds also usefulto characterizehe MPI
time-behavior. For the 10-million instructionsamplesfrom Mult1.2, Figure 4.9 compareghe distribu-
tion of 300 INITMR MPI time-samplesthe same300 unbiasedVIPI time-samplesandthe unbiased
MPI of all 390 samplesacrossthe full Multl.2 trace. All of the distributionsare similar. This shows
that 300 samplescanadequatelycharacterizehe full 390 sampledn thetrace. Furthermorealthough
the samplesverenotlong enoughto receivea ™’ in Table4.10,INITMR still givesa similar distribu-
tion to the unbiasedsamples.This showsthatINITMR preserveshe MPI distributionof time samples,
evenwhenthesamplesretoo short.

Distribution of Time Samples for Mult1.2
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Figure 4.9. Time-Sample Distributions.

This figure shows,for samplesof 10 million instructionsfrom the Mult1.2 trace, the distribution of the
MPI sampledor a 4-megabytealirect-mappecdtache. The x-axis partitionsthe samplesnto binsbasedon
their MPI; a portion of all sampledall in eachbin. The figure showsthe distributionof all 390 unbiased
sampledrom thefull trace,300unbiasedsamplesandthe same300INITMR samples.

4.3.3. Advantagesand Disadvantages of Time Sampling

The major problemwith time samplingis cold start, which is exacerbatedy multi-megabyte
caches.INITMR is the most accuratecold-startreductiontechniqueconsideredn this chapter. It is
accuratebecauset predictsthe initialization referencemissratio (1). A sampleshouldfill atleasthalf
the cacheand havemore known missesthaninitialization referencedor accuratelNITMR estimates.
Unfortunately thesearerigorousrequirementgor all but the largesttime-samples.Oneimplication of
this is that cold startimposesstringentusagerestrictionson an individual time-sample similar to the
restrictionson set-samplessincethe time-samplemustbe long enoughto mitigate the cold-startbias.
For the tracesusedin this dissertationa 1-megabytecacheneedssamplesof 1-10million instructions.
Therequiredsampleengthincreasedy aboutafactorof eightfor eachcachesizequadrupling.
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Whentime samplingeliminatesthe cold-startbias, enoughsampleswill ensureaccurateresults.
Many samplesareneededo captureadequatgortionsof eachexecutionphasegven100or more. This
is a disadvantagascomparedo setsamplingsincesingle set-sampleautomaticallycapturepiecesof
eachexecutionphaseandtheir correspondingacheperformancevariations. For the tracesusedin this
dissertationthe numberof sampleshouldbe increasedy abouta factor of threeasthe samplesizeis
reducedby a factor of ten. Sincetime samplingrequiresso manylarge samplesit is difficult to meet
the 10% samplinggoal. Furthermorethe requiredfraction of the tracedataincreasewith cachesize,
which suggestsime samplingwill be evenlessdesirablewith largerfuture caches.

Any full traceis only a time-sample sotime samplingtechniquesare alwaysuseful. Time sam-
plesretainthe timing of the memoryreferencestime-dependenbehaviorandthe interactionsamong
different cachesetscan be modeled. Time samplingalso may conformto the limitations of existing
tracegatheringmechanisms For example the ATUM tracegatheringmechanisnproducesshorttime-
samplesdecausef finite tracebuffers|AGSH86].

4.4. Conclusions

The examinationof multi-megabytecachesrequireslarge amountsof trace data. Long traces
overcomecold startandprovidethe mostinformationabouta workload’scacheperformancebut finite
resourcegnake them difficult to obtain and use. Trace sampling can reducethe computationand
storagerequirement®f trace-driversimulationby an orderof magnitude. It cangive the mostaccurate
estimateof true meancacheperformancebecausanore cachebehaviorfrom more workloadscan be
examinedwith afixed tracingbudget. This dissertatiorchapteris the first comparisorof setsampling
andtime sampling,two previouslyproposedrace-samplingechniques.

An importantaspectof any sampleis how flexible it is, or the rangeof cacheconfigurationsfor
which it can be used. Both set samplesand time sampleshave usagerestrictions. A constant-bits
methodthat producesset sampledor the largestrangeof hierarchicalcacheconfigurationswvasintro-
ducedin this chapter;it selectseferencedasedon the valuesof their addresdits (constanbits). With
asingleset-samplethe explorablecachedesignspaceis well defined:setsamplesare usefulwhenthe
cacheset-indexingpits containthe constanbits. Therestrictionsontime-samplausagearealittle more
vague:time samplesare useful when the cold-startbias can be removed. Underthe widest rangeof
conditions,the initialization referencemissratio estimationof INITMR gives superiorcold-startbias
reduction. INITMR givesaccurataesultswhenthe cacheis at least50%initialized by the sample and
whenthereare at leastas many known missesas initialization references.Theserestrictionsrequire
long time-samples.For the workloadsexaminedin this dissertationa 1-megabytecacheneedstime
samplesof up to 10 million instructions,and a 16-megabyteacheneedstime samplesof 100 million
instructionsor more.

Forthetracesusedin this dissertationsetsamplingproducesettermeanMPI estimateswith less
tracedatathantime sampling;setsamplingmet the 10% samplinggoal of lessthan 10% errorswith
lessthan10% of thefull tracedata. Providedsampleusagerestrictionscanbetolerated setsamplingis
betterthantime samplingwhenestimatingmeancacheMPIl. Onereasorfor its success$s thatsetsam-
plesinclude referencegrom many executionphasesratherthanjust oneor a few like a single time-
sample;a single set-samplearetainsmuch of the phase-dependemiachebehavior,while many time-
samplesareneededo capturethe sameeffect. Anotherreasonfor the relative succes®f setsampling
is the time-samplingcold-startproblem,which dictatesthe minimum time-sampldength, particularly
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for large caches.In this study, time samplingcould not meetthe 10% samplinggoal for the largest
caches. Time samplesmay only be more useful when the timing of referencesor the interactions
amongsetsis important.

This chaptersimulatesa variety of multi-megabytesecondargacheof differentsizeandassocia-
tivity for severaldifferent traces. The comparisonshowsthat cachesize and associativityhave an
important effect on the set-samplingvs. time-sampling comparison. Both size and associativity
increasesnakesetsamplingmore desirable sizeincreasedbecausdime samplingrequiresmoretrace
dataascachesizesincreasgabout2/3 morefor everycachesizedoubling),andassociativityincreases
becausehe conflict missesfrom individual setsarelesslikely to biasindividual sampleresults. These
trendsmakesetsamplingextremelyusefulfor multi-megabytecacheanalysis andevenmoreusefulfor
the everlargercachesf thefuture.
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Chapter 5

Menory System Design With Multi-M egabyte
Caches

5.1. Introduction

Whereasnany othercachedesignstudiesfocuson smallercachesthis chapterfocuseson multi-
megabytecachedesign. Using tracesof large workloads,this chaptershowsthat high-performance
memorysystemswith multi-megabytecachescan greatly improve performanceébeyondwhatis avail-
ablewith smallercaches.A multi-megabytecacheat the bottom of a two-level CPU cachehierarchy
reduceghe main memoryaccesgrequencyrequiredto supportprocessoreferencesandconsequently
eliminatesmost of the performancdossdueto cachemisses gvenwheneachmissis very expensive.
Togethemwith fasterprimary cacheghat servicemostreferencesmnulti-megabytesecondarncachesan
allow eventhefastestiprocessorso executeneartheir maximumspeeds.

This chapterfinds many similarities betweenthe designof multi-megabytecachesand smaller
cachesaswell asmanydifferences.For multi-megabytecachesthe resultsof this chapterconfirmthat
2-way set-associativitygives much of the performancebenefitsof higher associativitieswhich was
well-knownfor smallercacheqHILS89]. As a striking difference the resultsalsoshowthatthe perfor-
manceimprovementfrom doubling associativityis smallerthan the improvementfrom doubling the
size of a direct-mappedache;this contradictsPattersorandHennessy’'2:1 rule of thumbfor smaller
cachedHENP90]. This chapterfindsthatset-associativitys mostnecessarn a secondarcachewhen
the cacheis not muchlargerthanits primary caches.It also showsthat direct-mappingperformsso
well with the largestcaches(e.g., cachesthat are 32 or more times the primary cachesize) that an
increasedn associativitybeyonddirect-mappedaouldworsenperformancethis extendghe work of Hill
[HiLL87,HiLL 88] and Przybylski [PrzY88,PRHH89], who showedthat direct-mappingoutperforms
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higherassociativitiesn large primary cachege.g.,greaterthan 64-kilobyte). This chaptershowsthat
non-randonreplacemenpolicieseliminatemanycachemissesn someworkloads but few in others,so
randomreplacemenimay still be preferredbecauset is easyto implement. This chapteralsofindsthat
equalizingthe memoryaccessandtransfertime latencycomponentaisuallygivesa near-optimablock
size, a resultthat Przybylski[PRzY90] and Smith [SMIT87] showedfor smallercaches. Finally, this
chapterdiscussesheimplementatiorof hardwaremulti-level inclusionin a uniprocessosystem.

Trace-drivensimulation resultsfrom the tracesdescribedin Chapter3 form the basisfor the
analysisof this chapter. Section5.2 examinesthe needfor multi-megabytecachesemphasizinghe
reducedmemorytraffic thattheyallow. Section5.3 motivatesthe hierarchicalcacheconfigurationthat
is assumedhroughoutthis dissertationthe one depictedon the far right in Figure1.1. (Section2.2
gives definitions and default parametersf caches.) This chapterusesthe SCPI cacheperformance
metric, introducedin Section2.4, becausat is importantto addtiming to the MPI estimatesobtained
from the previouschaptersvhen comparingalternativecachedesigns. Section5.4 discussegprimary
cachedesignconsiderations Section5.5 showsthe affectthatdifferentcachesizescanhaveon the pro-
cessorstall time, pointing out the affect of main memory speedsworkload choice,and cachespeed
degradatioron preferredcachesize. Section5.6 considersalternativesecondarycacheassociativities
and Section5.7 considersdifferent cacheblock sizes. Section5.8 considersthe implementationof
multi-level inclusion. Section5.9 summarizesheresultsof this chapter.

5.2. Importance of M ulti-M egabyte Caches

With fasterprocessorandexpandingmain (DRAM) memorysizes,the designof a memorysys-
temto satisfy processodemandsecomesa moredifficult problem. Futureprocessorsvill be ableto
executel00 or more operationsduring the sametime it takesto servicea single main memoryrefer-
ence, so the slow main memory accesstime can dominate processingspeedsunlessmain memory
accessearerare. Futuremain memorieswill grow to hundredsof megabytesndmore,soit is inevit-
ablethatfuture applicationswill referencanuchmorememory,especiallysincefasterprocessorallow
largerproblemsto be solved. This sectionshowsthat multi-megabytecachesequireonly very infre-
gquentmain memoryaccessesyhich allowsthemto satisfythe challengingrequirement®f future com-
puting environments.The next sectionshowshow cachehierarchiescan provide the fast accesgimes
of asmallercachetogethemwith thelow main memoryaccessequirement®f multi-megabytecaches.

Forthetracesdescribedn Chapter3, Figure5.1 showstheratio of the main memorytraffic with a
4-megabytecachedivided by the main memorytraffic without a cacheinsertedbetweenthe processor
andthe main memory. (Whenthereis no cache,everyinstructionrequiresat leastone main memory
access.)The main memorytraffic reductionof multi-megabytecacheshastwo componentsaccesdre-
gquencyreductionandbandwidthreduction. The accesdgrequency is the numberof timesthata contigu-
ousblock of memoryis eitherreador written (the secondarycacheis write-back,so all main memory
accessesitherreador write largeblocks). The accessdandwidth is the numberof datawordsthatthe
main memoryeitherreadsor writes (excludingaddressandcontrolinformation). Both traffic reduction
componentsare importantto the performanceimprovementsobtainedwith multi-megabytecaches.
Frequencyreductionmay be more essentiathan bandwidthbecauséulk datatransfersare often con-
siderablymoreefficientthansmaller,morefrequent,datatransfers.

Theresultsin Figure5.1 showthatthe multi-megabytecachegreatlyreducesaccesgrequencyfor
eachtrace;the accessrequencywith the multi-megabytecacherelativeto the accesgrequencywithout
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Memory Traffic After Multi-Megabyte Cache
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Figure5.1. Memory Traffic Reduction With Multi-M egabyte Cache.

This figure showsthe memory accessfrequencyand bandwidth reductionswith a 4-megabytecache
memoryfor the tracesof this study. It showstheratio of resultsrelativeto the valueswithout a cachein-

sertedbetweenthe processorand memory, including both instruction accessesnd data accesses.The
cacheis direct-mappeavith a block sizeof 128-bytesandis write-back.

the caches usuallytoo smallto see. The cachereducedandwidthto a lesserextentbecause&achmain
memoryacces®ccursasthe resultof a cachemiss,so eachaccessnvolvesthetransferof entirecache
blocks, which are considerablylargerthanthe single-wordloadsand storesrequiredby the processor.
Neverthelessthe 4-megabytecacheoften gets a factor of 20-50 bandwidth reduction, and always
reduceghe accesdrequencyby morethana factor of 100. The Sortracegivestraffic ratiosthat are
considerablylarger than the other traces. This showsthe poor Sor cacheperformancewhich will
becomemoreevidentasthis chaptemprogresses.

This is the first studyto analyzemulti-megabytecachesperhapshecausahey havenot become
cost-effectiveand necessaryuntil recently. Traffic reductionslike those shownin Figure 5.1 are
requiredwhenmain memoryaccesgimesarehigh enoughand cannotbe overlappedwith otheruseful
work. Smallercachescannotachievethesetraffic reductionswith theselargeworkloads. This chapter
examineghe designalternativesandrequirement®f thesemulti-megabytecaches.

5.3. Importance of the CPU Cache Hierarchy

Multi-megabyte cachesreducemain memory traffic, but that alone is inadequatefor a high-
performancememory system. A multi-megabytecache has a much faster accesstime than main
memory,but it is not fastenough. Figure 5.2 showsthe multi-level cacheconfigurationintroducedin
Chapterl that solvesthis problem. This multi-level structuring solvesthe speedproblemsof the
multi-megabytecachebecausehe fasterprimary CPU cachesservicemost referencesand the multi-
megabytesecondarycacheservicesonly the missesin the primary caches. The primary instruction
(ICACHE) anddata(DCACHE) cachesare split sothatthey canconcurrentlyserviceboth aninstruc-
tion anddataaccessbut both primary cachesharethe useof a unified multi-megabytesecondargache
(SCACHE). A main memoryreferenceoccursonly whenthereis a missin both the primary andthe
secondarycache. This hierarchical structuring bypassesthe speedlimitations of multi-megabyte
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cachesyetit retainstheir storagecapacity(andinfrequentmisses).Of course addinganothetdevel also
increaseshe complexity of the designsincethe interactionsbetweenall elementsof the memorysys-
tem must be considered. The needfor ever-fastermemory accessesutweighsthe disadvantagesf
increasedcomplexity, however,andmultiple levels of CPU cachesare certainto be prevalentin many
futuredesigns.

A I

I ¢

ICACHE | |DCACHE| | Primary

Caches

Secondary
Cache

(SCACHE)

Main
Memory

Figure5.2. The Simulated Cache Configuration.

This figurerepresentsheassumedacheconfigurationusedthroughouthis dissertation.It consistf split
primary (level 1) instruction ICACHE) and datacaches(DCACHE) backedup by a sharedsecondary
(level 2) cache(SCACHE) and main memory. (It is the sameconfigurationdepictedon the far right in
Figurel.l).

Otherrecentstudiesfocus on CPU cachehierarchiesfor bridging the CPU-mainmemory speed
gap[BUKB90,PRHH89,SH0L88,WABL89]. While implementatiortechnologydemandsa multi-level
cachehierarchy,oftenwith small primary cachesandlargersecondaryachesa cachehierarchyalone
is not adequatdo ensuregood performance.Without a multi-megabytesecondarycache,a hierarchy
will not sufficiently reducemain memory accesdrequency. This dissertationfocuseson hierarchies
including multi-megabytesecondargachesat the bottom.

A greatmanyoptionsbecomeavailableto CPU cachedesignersvhenconsideringnultiple-levels
of cachestoo manyto be immediatelyexamined. In practice,structuralconstraintsoften dictate por-
tions of the design. For example,if the primary cachesareconstrainedo resideon the processochip,
their sizemay befixed for a given processoimplementation.This studyrestrictsthe primary cachego
32-kilobyteseach. This restrictionis appropriatesincea designusing commercially-availablgroces-
sors,or anyfixed-primary-cach@rocessodesign would be similarly constrained.This studyalsoonly
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considersdirect-mappedprimary caches,as advocatedoy Hill [HILL88] and Jouppi[JOUF89]. This

dissertationfurther prunesthe designspaceby consideringonly two-level hierarchicalconfigurations.
For the nearfuture, two levelsin the CPU cachehierarchywill be both practicalandusefulsincethey

provide the advantage®f a multi-level hierarchy,limit the complexity, andfit well with the physical
designof computersystems.

The focus of this dissertationis on secondarymulti-megabytecachedesign,not primary cache
designor hierarchydesign. Thoughthis dissertationconsidersonly a limited rangeof the multi-level
cachedesignspace,many resultsalso apply to many different hierarchies. Providedthe secondary
cachesarelargecomparedo the upstreantachessecondarcacheperformances largely independent
of thenumberof hierarchylevelsor the particularprimary cacheconfigurationPRzy88].

5.4. ThePrimary Caches

Table 5.1 showslocal miss ratios (missesdivided by referencesyand SCPI (stall cycles per
instruction)componentgor the dataandinstructioncachesf 32-kilobyteseachwith block sizesof 32-
bytes. Section2.4 of Chapter2 discusseshe advantagesf the cacheperformancenetricsMPI (misses
per instruction)and SCPI. SCPI factorsin both the cachereferencerequencyandtiming so thatthe
effect of cachemissesis evident. The resultsfor the different tracesshow that the miss ratio of the
instructioncacheis consistentlysmallerthanthe missratio of the datacache. However,sincethe pro-
cessouwusesthe instructioncachemorefrequentlythanthe datacache(loadsandstoresare only 40% of
the instructions),the effect of the instruction cachemisseson processoperformancegSCPI cache) IS
considerablycloserto thatof thedatacache(SCPlpcache)- Thisis oneindicationthat (local) missratio
can be a misleadingindicator of the performanceeffectsof a cache. Both MPI and SCPI correctly
accountfor the cacheaccesdrequencyand the fraction of accesseshat causemisses,allowing the
effectof misseson performancedo be properlycharacterized Miss ratio may obscurethe cacheaccess
frequencyandgive a misleadingcharacterization Thereforethis dissertatiorusesMPIl andSCPI rather
than miss ratio. This chapterusesSCPI in many casesto comparealternativecacheconfigurations
becauset includesthe timing behaviorof a cache,aswell asthe missfrequency. This is important
becaus¢hetiming maychangewith differentcacheconfigurations.

The datain Table 5.1 showsthat the SCPI componentgesulting from the primary cachescan
reacha value of 0.2 althoughthe cachesizesare 32-kilobyteseach. While it is not the major focusof
this thesis,primary cachedesignis importantto the performancef the memorysystemhierarchy. For
the Multl.2 trace,Figure 5.3 emphasizeshe contributionsof eachcachein the hierarchyby showing
thefractionof SCPI thatis aresultof themissedfrom eachcomponenbf the hierarchy. Clearly,alarge
portion of SCPI resultsfrom the primary caches.Their contributionto overall memorysystemperfor-
manceshouldnotbeignored.

Recognizingthe importanceof primary cachesto memory system performanceseveralrecent
studiesproposeesnhancement® primary cachedesignthatallow processorto realizetheir high perfor-
mancepotential. For primary cachesparticularlyinstructioncachesprefetchingmay be usedto over-
lap the latencyof secondarycacheaccessesvith usefulwork. Smith [SMIT82] describesseveralpre-
fetching options, some of which were examinedby Hill [HILL87]. Farrensand Pleszkun[FARP89]
advocatehe useof queueghatallow instructionsto be fetchedbeforethey areused. Jouppi[Jour20]
advocatestreambuffersthat prefetchsequentialocationsafter cachemisses. Jouppialsointroduces
victim cachessmall fully-associativebuffersto eliminateconflict missesin direct-mappedaachesand



94

L ocal Miss Ratio of Primary Caches
Trace ICACHE DCACHE
Multl 0.0055 0.0202

Mult1.2 0.0058 0.0171
Mult2 0.0061 0.0196

Mult2.2 0.0055 0.0176

Tv 0.0026 0.0444
Sor 0.0000 0.0613
Tree 0.0049 0.0248
Lin 0.0000 0.0070
SCPI For Primary Caches

Trace CPlicache  LPIpcacHe
Multl 0.06 0.10

Multl.2 0.06 0.08
Mult2 0.06 0.08

Mult2.2 0.06 0.07

Tv 0.03 0.17
Sor 0.00 0.23
Tree 0.05 0.12
Lin 0.00 0.04

Table5.1. Primary Cache Performance.

This tableshowsthelocal missratios (top) and SCPI componentgbottom)for the primary instructionand
datacaches(Tmisscache = TMiSSycacke = 10). (Section2.4 of Chapter2 definesSCPI and Tmiss.) The
MPI of this configurationfor thesetracesis SCPI/10 (andis alsogivenin Figure3.7 of Chapter3).

DCACHE

Figure 5.3. Portions of SCPI for Mult1.2.

This figure showsthe division of SCPI of 0.21 into componentgdue to instruction,data,and secondary
cachemissedor Mult1.2. The secondarycacheis direct-mappeaf size4-megabytesvith a block size of
128-bytes.

findsthemparticularlyusefulfor datacaches.Datacachedesignbecomesnoredifficult andimportant
asprocessorsirefastenoughto executemorethanoneinstructionduringthetime it takesto accesghe
cachememory. Sohi and Franklin [SOHF91] introduce a lockup-free[KROF81] primary data cache
organizationthat meetsprocessodatamemorybandwidthrequirementsindersuchconditions. These
studiesshowthatprimary cachedesignshouldnot be neglected.
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5.5. Secondary Cache Size Choice

Perhapshe mostimportant secondarycachedesignconsiderationis size. The advantageof a
largercacheis alower MPI. Unfortunately,a largercachealsohasa highercost,requiresmorespace,
andhasa sloweraccesdime thana smallercache. This sectionexamineghesetradeoffs. Section5.5.1
considerghe effectsof slowermain memoryaccesdimes,showsthatalargercaches desiredput does
not factorin the implementatiorconsideration®f a largercache. Section5.5.2 showsthat the desired
cachesize dependon the workloadsexecutedon the machine. Finally, Section5.5.3factorsin some
implementationconsideration®f cachesize increasesfor a more balancedperspectiveof the perfor-
mancemplicationsof cachesizeincreases.

5.5.1. Effect of Processor-Main Memory Speed Gap

As processorspeedsincreaserelative to the accesstimes of main (DRAM) memories,main
memoryaccessebecomemorecostly. If techniquesannotbe developedo eliminateor overlapthese
large latencies,a high performancememory systemmust reducethe frequencyof main memory
accessesr theywill dominateprocessoperformance.

Figure 5.4 showsthat the reducedMPI of multi-megabytecachesbecomesnore essentiabsthe
main memoryaccesdime increases.For the Multl.2 trace,the figure showsthe SCPI valuesfor dif-
ferentcachesizeswith Tmiss rangingfrom 30 to 200 cycles. The resultsmakethe optimistic assump-
tion that the secondarycacheaccesgime is independentf cachesize (Tmisscache and TMiSSycacHE
are constantunlike Section5.5.3). Note that SCPI doesnot approactzerowith increasingcachesize
becausethe primary cache missesalso contribute a portion of the SCPI. (Table 5.1 shows that
Pl cache andSCPIpcacHe sumto 0.14for Multl.2.)

The magnitudeof Tmissscache IS crucialto the secondaryachesizechoice. While a systemwith
a 128-kilobyte secondarycachemight provide a sufficiently low SCPI with Tmissg-acqe = 30, cache
sizesof 1-megabyteor morearerequiredfor similar performancewith the highermain memoryaccess
times. For example asthedottedlinesin Figure5.4 show,morethana 1-megabyteaches neededor
the sameSCPI asa 128-kilobytecacheas Tmissg-ache increasegrom 30 to 100 cycles. This is more
thana factor of eightsizeincrease.Similarly, the cachesize mustbe at least4-megabyte$or the same
Pl whenTmissgacHe increaseso 200cycles.

Tmissgcache Consistsof severalcomponents.The first portion, and perhapsthe largest,is the
fixed latencyof a memoryaccess.This is the partthatis independenbf the amountof datatransferred
(the block size). It includesthetime to sendthe addresgo the main memory,cycle the memoryarray,
and return the first portion of the data. The secondportion of Tmissg-ache IS the time requiredto
transferthe remainingportion of the cacheblock, which dependson the bandwidthof the cache-main
memory interconnectand the block size. Queueingdelay also could be a large portion of the main
memoryaccesgime. The combinationof thesefactorscanleadto delaysof hundredsof cyclesfor fast
processors.Tmissg-acqe could easily be 100 cycleswhen eachcycle is five nanosecondsr less. In
multiprocessorghe cachemisslatencyonly getsworse.

The secondarycacheneedsto be large enoughto make SCPI small. An SCPI of 0.5 will slow a
processothat executes singleinstructionper cycle,andit will devastatehe performancesf a proces-
sorthatexecutesnultiple instructionsper cycle. Thatis, the memorysystembecomeshe performance
bottleneckas processospeedsncreaseso a small SCPI reductioncangreatlyimprove processoper-
formance.
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Figure5.4. Effect of Miss Penalty on SCPI for Mult1.2.

This figure showsthe Stall CyclesPerInstruction(SCPI) versusthe secondarycachesizefor the Mult1.2
trace With various main memory accesstimes (Tmissscacqe = 30, 100, and 200 Cycles). The direct-
mappedsecondaryachesaveblock sizesof 128-bytes.

5.5.2. The Effect of Workload Choice

The type of programsfor which a memory systemis being designedhave a large effect on its
design. If working setsizesare no more than512-kilobytes,a 512-kilobyte cachemay be morethan
enoughto provide good performance.On the other hand,a programthat referencedarge amountsof
memorywith poorlocality will performpoorly with a small cache. Sincethe tracedworkloadsusedin
this dissertationreferencelarge amountsof memory, this study favors larger caches. This bias was
intentional since the appearanc®f larger main memories(100-megabytesind more) is expectedto
bring larger workloads. As more resourcesdecomeavailable,usersnaturally adjustto utilize them,
bothby increasinghesizeof previousapplicationsandby creatingnewapplications.

Figure5.5 showsthe differencein performancdor the differentworkloadscapturedn the traces.
Therearelargedifferencesn SCPI thatresultfrom the variousmemoryreferencébehaviorsncludedin
thetracedata. The Sortracehasthe worstperformanceits SCPI is muchhigherthanfor the restof the
workloads. Soroperateson representationsf large, sparsematrices.This leadsto largelocality sets.
It is widely acceptedhat cachegperform poorly with scientificworkloads. A counter-examplé¢o this
generalizatioris Lin. Lin is anotherscientific programthat usessparsematrices,yet givesgoodcache
performanceéecauseat hasmuchhigherlocality. This showsthat scientific workloadsare not always
hardon cachesSCPI depend®n thelocality of theworkload.

Onecouldarguethatthe Sorworkloadis not anaveragevorkload,andonemight evenarguethat
its SCPI is pathological. Evenso,the Sorresultspoint out oneimportantfact: whenchoosinga secon-
dary cachesize,the applicationsthat canefficiently executeon the systemare alsobeingchosen. The
Sorworkloadwould performpoorly on a systemwith only a 1-megabytesecondarcache(andthe 100
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Figure5.5. Effect of Workload on Cache Size Choice.

This figure showsthe Stall CyclesPerInstruction(SCPI) versusthe secondarycachesize of the different
tracesconsideredn this study. The secondarycachesaredirect-mappedvith block sizesof 128-bytesand

Tmi SScACHE — 100.

cycle secondarymisspenalty),while the multiprogrammedvorkloadsperformwell. If scientificappli-
cationslike Sorareexpectedalargercachesizemight be preferred.

Figure 5.5 showsthat multiprogrammingdoesnot necessariljlead to poor cacheperformance.
The multiprogrammedracesgive the secondowest SCPI overall, below the uniprogrammedsor, Tv,
andTreeSCPI results. The SCPI of the multiprogrammedracesarealmostthe same probablybecause
of the similarity of the tracedworkloads. Multl1.2 (Mult2.2) hasa slightly lower SCPI thandoesMultl
(Mult2), showingthe well known resultthat cacheefficiencyimproveswith increasingprocessswitch
interval [SMIT82]. This is fortunatesinceswitchintervalsarelikely to increasewith the fasterproces-
sors of the future. However,with hundredsof thousandof instructionsexecutedbetweenprocess
switches the locality of the workloadis a more importantdeterminantof cacheperformancahanthe
processswitch interval. Multl (Multl.2) has a higher multiprogramminglevel and more memory
activeatanytime thanMult2 (Mult2.2), which givesit slightly higherSCPI values.

5.5.3. Effect of Speed Degradation With Larger Caches

Not surprisingly,sincetherewasno penaltyto increasingthe cachesize,the resultsin Figure5.5
showsthat SCPI is minimized with larger caches.But larger cachestendto be slowerthan smaller
cachesbecausdhey havea wider fanoutand fanin. This speeddegradatiorof larger cachescan be
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factoredinto the SCPI modelby increasinghe accesgime of thelargersecondargaches.This section
startsby consideringhe SCPI with differentcachesf thereis a 10% accesdime increasdor eachdou-
bling of the cachesize. Figure5.6 showsSCPI versusthe cachesizewith the 10% degradatiorper per
secondarycachesize doubling. The resultsare similar to Figure 5.5, exceptthat the SCPI increases
with largercaches.
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Figure5.6. Effect of 10% Speed Degradation Per Cache Size Doubling.

This figure showsthe Stall CyclesPerInstruction(SCPI) versusthe secondarycachesize of the different
tracesconsideredn this study. The secondarcachesaredirect-mappedvith block sizesof 128-bytesand
Tmissgeache = 100. The latencyof a secondarycacheaccessncreasesy 10% with eachdoublingof the
secondarycachesize (Tmisscacne @and Tmisspeacqe are eight cyclesfor the 128-kilobyte cacheandin-
creaseby 10%eachtime the cachesizeis doubled).

In Figure 5.6, many tracesshow SCPI reachingits minimal value at a cachesize below 16-
megabytesysually8-megabytes With a 10%degradatiornn secondarygacheaccesdime persizedou-
bling, a 16-megabytecachewould probably not be preferredover an 8-megabytecache. The 8-
megabytecachedoesnot minimize SCPI for all the traceshowever. Tv and Sor havemonotonically
decreasingSCPI valueswith increasingcachesize, evenwith the 10% speeddegradation.For those
two workloads,the advantageof the reducedMPI alwaysoutweighsthe sloweraccesgime of larger
secondargacheqgupto 16-megabytes).

An alternativeway to examinethe accesdime and miss reductiontradeoffsis to find the max-
imum accesgime penaltythat canbe toleratedin a larger cachewhile keepingSCPI constant. Using
the parameter®f the SCPI model, the questionis: by how much can Tmisscache @and TmisSpcacHE
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increaseasthe cachesizeis doubled(while SCPlg-acHe decreasesyothat SCPI doesnotincreaseasa

result? This is the break-evenaccesstime penalty, Tyreaeven- (Przybylski also usesa breakeven
analysis[PrRzY88].) Of course,for an implementationof the larger cachesize to be preferablethe

actual implementationtime penalty should be considerablysmaller than Tpeakeven SO that SCPI is

smallerwith the largercache. Tyreakeven IS @ Usefulmeasureshowingthe accesgime toleranceasthe

cachesizeis doubled.

The break-everaccesgime penaltyis simply calculatedusingthe formulafor SCPI. The higher
secondaryacheaccesdimes canbe equatedo the fewer main memoryaccesgimesasin the follow-
ing equation:

(MPI,cache + MPIpcache) Toreakeven = TMiSSgecacHEAMPl scachE (5.1)

where Ty eakeven 1S the break-everaccesgime penaltyand AMPIl g-acHe IS the decreasén MPIlgoacHE
with thelargercachesize. This canthenbe solvedfor Ty eqkeven- NOtethatthis calculationassumeshat
Tmissecache IS Not adversely affected by the cache speed slowdown, only Tmisscacqe and
TmisspcacHe iNcrease.Thatis, the latencyof a secondarycacheaccessncreaseshut the latencyof a
secondargachemissdoesnot with acachesizedoubling.

Figure5.7 showsT,eakeven fOr different secondarycachesizeswith the differenttraces(asa per-
cent of the normal secondarycacheaccesdime of ten cycles). Somebreak-evermpenaltiesare more
than100%, indicating that the secondarycacheaccesgime could be doubledto twenty cycleswhena
cachesizedoublingandthe SCPI would still bereduced.This suggests performancemprovementor
largercachesizes evenif theaccesdime of thesecondargacheis substantiallyworsened.

For mostof thetraces,Treakeven deCreasewith increasingcachesize. This showsthe decreasing
needfor larger cachesasthe cachesizeis increased.As SCPlg-acqe becomesa smallerand smaller
portion of the total SCPI, SCPI shrinksby a smalleramountwhendoublingthe cachesize. Then,the
smallerMPI reductioncannotcompensatasmuchfor a sloweraccesgime.

FortheTv, Sor,andLin traces,Tpreakeven dO€SNOt monotonicallydecreasavith cachesize. Inter-
mediatecachesizesinsteadmaximize Tpreakeven: @Nd Tyreakeven IS lOwer for the smallerandlargercache
sizes. This abnormalbehavioris becauséAMPI g-ace IS not constant. AMPl gcacqe IS maximizedat
the intermediate-sizedacheswhile the smallerandlargercacheshavelower AMPlg-acHe Values. At
the intermediatecachesizes, MPlg-ache drops precipitously becausethe cachesuddenlyholds the
working set,andso Ty eakeven iS large.

Figure5.7 showsthat, particularlyfor the smallercachesizes, Ty eakeven 1S Slightly smallerfor the
multiprogrammedworkloadswith longer processswitch intervals. This showsthat a longer interval
reducegheneedfor alargersecondargache.

5.6. Secondary Cache Associativity Alternatives

Anotherimportantsecondarycachedesignconsideratioris the associativityof the cache,or the
numberof locationswherea given block canresidein the cache. This sectionexamineshe effect of
different associativityimplementations. The structureof this sectionis much like the previousone
(5.5). Section5.6.1showsthe SCPI improvementproducedby associativityif thereis no accesgsime
implementationpenalty of increasedassociativity. Section 5.6.2 shows the MPI improvementof
sophisticatedeplacemenpolicies. Section5.6.3 bringsin the timing consideration®f associativity
increasesFinally, Section5.6.4considersnexpensivamplementation®f set-associativity.
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Figure5.7. Break-Even Access Time Penaltiesfor Cache Size Doubling.

This figure showsbreak-everaccesgime penalties(as a percentof the secondarycacheaccesgime) for
doublingthe cachesize. This is the maximumpercentagehat Tmisscacqe and TmisSycacqe canbein-
creasedbeyond ten cycles when the cache size is doubled that does not allow SCPI to increase
(Tmissgeache =100). A value of 100%implies a cacheof twice the size and a twenty cycle accesdime
will givethesameSCPI. Thesecondaryachesaredirect-mappedvith block sizesof 128-bytes.

5.6.1. The Usefulness of Associativity

Thereis more mappingflexibility with a set-associativeachethanwith a direct-mappedache.
This flexibility providesthe motivationfor set-associativitya lower MPI. The motivationis strongfor
secondargaches.Primarycachesatisfymostof the processoreferenceshut therestmustbe serviced
by the secondarycache. This makesthe (local) missratio of secondarcachesnuchhigherthana pri-
mary cacheof the samesize [KEJL89,PRHH89]. Higher secondarycacheassociativitycan satisfy a
largerportion of the primary cachemisses. Sincethe major task of a secondarycacheis to reducethe
MPI, it may seemthat higherassociativityis clearly advantageousHowever,the potential disadvan-
tageof increasedassociativityis a sloweraccesdime, and probablymore hardware sincemore cache
block framesmustbe searchean a given access.A slowersecondarycacheaccesgime may only be
affordablebecausehe secondargachesreaccessetessfrequentlythanthe primarycaches.

To considerthe potentialof associativity Figure 5.8 plots SCPIversusthe cacheassociativityfor
arangeof secondargachesizeswith the Mult1.2 workload. Theseresultsmakethe optimisticassump-
tion thatassociativityandcachesizechangegausenoincreasdn secondaryacheaccesgime (Section
5.6.3 factorsin someimplementationtiming considerations)the only changingparameterin these
resultsis the MPI. As expectedhigherassociativitieseducethe MPI andthusreducethe SCPI.

The resultsin Figure 5.8 showthat, for the Mult1.2 trace,associativitysubstantiallyreduceghe
SCPI of the smallercachesput, is lessuseful for the larger caches. The higher MPI in the smaller
cachedeavesmuch opportunityfor associativitymiss elimination. With the larger cacheshowever,
associativity is less neededsince direct-mappedcachesalready perform well. This conclusionis
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Figure5.8. Performance Over a Range of Associativities.

This figure showsthe Stall CyclesPer Instruction(SCPI) versuscacheassociativityfor the Mult1.2 trace
overarangeof cachesizes. Theblock size of the secondarycacheds 128-bytes. The resultsmakethe op-
timistic assumptiorthatassociativityandcachesizechangeglo notincreasesecondarycacheaccesgime.

consistentwith severalstudiesof non-hierarchicaktonfigurationgHiLL 88,PRHH88]: oncethe (local)
miss ratio becomessufficiently low, thereis not much performancegain from higher associativity.
While associativityis worth considerablalesigneffort for the smallercacheswith a larger cachethe
effort is lessnecessaryfor this traceandtheseparameters) Werethe main memoryaccesgime or the
MPI higher,however a differentdecisionmight bereached.

The 2:1 “rule of thumb” saysthat a cachesize doubling and an associativitydoubling produce
aboutthe samedirect-mappedacheperformancemprovemenfHENP90]. The Multl.2 resultsin Fig-
ure 5.8 (and Chapter3) are a counter-exampldo this rule. They show that a cachesize doubling
changeghe direct-mapped®CPI by about50% morethananassociativitydoublingdoes. The key rea-
sonfor this contradictionis that multi-megabytecachesndexto thousand®f setswith little contention.
Virtual-indexing spreadsmemory locations evenly acrossthe cache,which makesassociativityless
beneficialandnecessary Chapter6 introducessoftwaretechniqueshat makea real-indexedcacheper-
form like a virtual-indexedone,in which casea real-indexedcachealsoviolatesthe 2:1 rule. Multi-
megabytecacheslo not follow the 2:1 rule becauséhey havelittle cachecontentionand,consequently,
lessneedfor associativity. This is different from the resultsof previousstudiesfocusingon smaller
designgHENP90].
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For all traces,Table 5.2 showsthe SCPI for 1-megabytecachesof varying associativities. The
othertraceshavesimilar associativityimprovementgo thosefor Multl.2, thoughtherearelargevaria-
tionsfor the differentworkloads. Again, the Sor tracestandsout. It givesa considerablyhigher SCPI
which doesnot decreaseavith associativitypbecaus®f its loopingreferences.

SCPI For Different Traces

Trace ‘SecondaryCacheAssociativity

Direct-Mapped 2-Way 4-Way
Multl 0.31 0.27 0.26
Mult1.2 0.28 0.26 0.25
Mult2 0.27 0.24 0.24
Mult2.2 0.25 0.23 0.22
Tv 0.46 0.43 0.43
Sor 1.71 1.69 1.68
Tree 0.39 0.35 0.35

Table5.2. Effects of Associativity on Cache Performance.

This table showsSCPI valuesfor 1-megabytesecondarycaches.It holdsall parameter®therthancache
associativityconstant.

The 2-way SCPI resultsare about 10% better than the direct-mappedSCPI results, given the
optimistic implementationassumptions. For the 1-megabytecache with random replacement,an
increaseto 4-way set-associativitydoesnot substantiallyreduceSCPI. This illustratesan important
point that hasalsobeenobservedor smallercacheqHIL S89]: 2-way set-associativiteliminatesmany
direct-mappedcacheconflicts. An associativityincreasebeyond2-way providesonly modestreduc-
tions in the cacheMPI. The next sectionexamineswhethera more sophisticatedeplacemenpolicy
canfurtherimprovethe performancef set-associativeaches.

5.6.2. Replacement Policy Effects

Associativityallows somefreedomwhenchoosingwherea block will residein the cache. With a
direct-mappedache gachblock canresidein exactlyoneframe. With higherassociativitiesany of the
block framesin the setcanhold the block. The addedflexibility of associativitythrustsmoreresponsi-
bility onthe cachedecisionmaking. Onamiss,the cachemustchoosea frameto hold the block. Nor-
mally, the cachemustreplaceanotherblock from the setsinceall framesareused. The cachereplace-
mentpolicy choosegshe block from the setthatwill bereplaced.

Two commonreplacemenpolicies are randomand least-recently-use@RU) [HENP90]. This
dissertationusesrandomreplacemenbecauset is simple andrequiresno stateinformation. Random
choosesa randomblock in the setfor replacement.LRU, on the otherhand,chooseghe block whose
lastreferencewvasfurthestin the past. LRU requiresinformationaboutthe pastreferenceso the setto
makeits replacementiecision. Sincepastreferencepatternsaregoodpredictorsof the future,LRU can
significantly reducethe MPI, particularly with workloadsthat have good locality of reference.How-
ever,the needfor storingandupdatingthe LRU informationis a disadvantage.

With hierarchicalcacheconfigurationgherearemorereplacemenpolicy optionsthanwith a sin-
gle level of caches.For example,the secondarycachereplacementlecisionscan be basedocally on
thereferenceso the secondarycache;alternatively,the primary cachereferencesnay alsobe a factor.
The optionsare:shouldthe LRUth block be the lastblock referencedlocally) in the secondargacheor
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the last block referencedglobally) by the processor?Note that the two optionsare different because
the primary cachesfilter out processoreferencesefore they reachthe secondarycache. The first
option (local) is easierto implementsinceonly secondarycachereferenceshangethe setLRU state.
However the secondption(global) mayleadto betterreplacementlecisions.

This sectioncomparedour replacemenpolicies that were chosenfor their intuitive appealand
implementatiorsimplicity. Thefirst is the simplerandompolicy. The seconds a simple LRU policy
basedon the local secondarycachereferences.The third is the sameLRU policy, exceptthat write-
backs(from the datacacheto the secondarycache)do not affectthe LRU orderingof a set. Intuitively,
write-backsshould not updatethe LRU information becausdhey are only a result of primary cache
replacemenandarenot directly a part of the processoreferencestream. The final replacemenpolicy
considersinformation aboutprimary cachecontents. Inclusion-randonreplacesa randomsecondary
cacheblock thatis notheldin the primarycacheéo.

Table 5.3 showsthe fraction of the randomreplacementnissesthat are eliminatedby the final
threereplacemenpolicies. The resultsshowthat the performanceof LRU is largely independentf
whetherwrite-backsupdatethe LRU information. While the MPI's were improved slightly when
write-backsdid not updateLRU information,the differencewasnot significantenoughto appeaiin the
resultsin Table5.3.

LRU replacemengivesa substantiaMPI reductionfor the multiprogrammedracesin Table5.3.
This is probablybecausdhe smallermultiprogrammedprocesseseferenceonly a small portion of the
cachesoLRU could hold a numberof themin the cacheat the sametime. But the MPI improvement
is modestfor the uniprogrammedraces. In fact, LRU increaseshe Lin MPI comparedo random. For
the other(non-Lin) uniprogrammedraces LRU hasonly a small advantageverrandomreplacement.
Overall, it is not clear whetherit is worth the extra effort to implementLRU replacemenin a 4-
megabytesecondarycache. The choice dependson whetherbehaviorlike the multiprogrammedor
uniprogrammedraceswill predominate.

Table 5.3 showsthat inclusion-randomimprovesMPI slightly relative to randomreplacement.
Thoughthis showsthatit is betternot to replacesecondargacheblocksthatare(atleastpartially) held
in the primary cachesjnclusion-randonrequiresconsiderablalesigncomplexity beyondsimple ran-
domreplacementsoit is probablynot worthwhile for its MPI reductionalone. However,muchof this
complexityis alreadyrequiredwith inclusion. The motivation for inclusionis morethansimply MPI
reduction. Section5.8 discusseclusion.

5.6.3. Effect of Speed Degradation With Associativity

The Figure 5.8 resultsdid not haveany increasediccessime effectsof associativity. Increasing
associativitymay increasethe cacheaccesgime [HILL 88]. A speeddegradatiorwith higherassocia-
tivity can be factoredinto the SCPI equationsby increasingthe secondarycacheaccesstime with
increasedassociativity,just like Section5.5.3includedthe latencyincreaseof a cachesize doubling.
Figure5.9 showsthe SCPI for differentassociativitiesvith a 10% speeddegradatiorfor eachassocia-
tivity doubling. (Hill discussessomeassociativityimplementationghat increasethe direct-mapped

20. If the primary cacheholdsall blocksin the set,the simulatorchooses randomblock for replacement.
Note that since the primary cacheblock size is smallerthan the secondarycacheblock size, the primary
cacheholdsonly a portionof blocksatanytime.
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Miss Reduction of Replacement Policies
Policy

Trace  ASSOC | | oy LRUNO  INCRAND
5 10%  10% 3%
Muit 4 13%  13% 3%
2 1%  11% 3%
Multl.2 15%  15% 3%
i 2 11%  11% 3%
4 13%  13% 3%
2 10%  10% 3%
Mulz.2 13%  13% 2%
o 2 2% 2% 0%
4 2% 2% 0%
2 3% 3% 1%
Sor 4 506 5% 0%
2 5% 5% 2%
Tree 4 6% 6% 1%
™ 2 21%  -21% 0%
4 | -10%  -10% 1%

Table 5.3. Improvement of Replacement Palicies.

This table showsthe missreductionof severalreplacemenpoliciesfor 2-way and4-way 4-megabyteset-
associativesecondaryaches.The missreductionis therandomreplacemenmisseseliminatedby the pol-
icy. LRU is a secondary-cache-loctgast-recently-usedeplacemenpolicy. Someglobal LRU sample
resultswere well under 1% different from the local resultshere. LRUNO is the sameas LRU except
write-backsdo not adjustthe LRU lists. INCRAND is randomreplacemenexceptblockswith copiesin
theprimary cachearenotreplaced.

accessime by about10%[HILL87].) Theresultsarefor 4-megabytesecondarygaches.

Figure5.9 showsthat direct-mappedecondarncachegavethe lowest SCPI for all tracesexcept
Multl. The MPI reductionsof associativitywere not substantialenoughto overcomethe increased
latencyof the 10% degradation.

If a 10% degradatioris too large, what degradatiorcan be afforded? Similar to the break-even
analysisfor cachesizedoubling,anothemway to look atthe usefulnes®f associativityis to calculatethe
accesgime implementatiompenaltythat holds SCPI constantwith increasingassociativity. This is the
break-everaccesgime penalty, Tyreakeven, Which canbe calculatedusingEquation5.1. The questionto
be answeredor a 2-way associativecacheis: by how much can Tmisscacqe and Tmissycache be
increasedvhenthe associativityis increasedrom direct-mappedo 2-waysothat SCPI is notincreased
asaresult? This givesthe implementatiorieewayavailableto designersof a cacheof higherassocia-
tivity. An accesdime penaltylower thanthis valuewill give alower higher-associativitysSCPI.

Figure 5.10ashowsthe direct-mappedo 2-way Tyreakeven (in percentof the normal secondary
cacheaccesgime of ten cycles)for different cachesizes. Figure 5.10b showsa blowup of the same
resultsfor cachesizesof 1-megabyteor more. Figure5.10ashowsthe high break-evertimesthat pro-
vide large window of opportunity for associativityin the smaller secondarycaches. Sincethe 128-
kilobyte cacheis not a lot larger than the instruction and data cachesof 32-kilobyteseach,a higher
associativityis preferablewith the 128-kilobytecache.
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Figure5.9. Associativity Performance With 10% Speed Degradation.

This figure showsthe SCPI of 4-megabyteset-associativesecondarycacheswith a 10% degradationin
secondaryacheaccesgime (Tmisscache and Tmisspeacne) for everydoublingof associativity.

The break-everpenalty vanisheswith increasingsecondarycachesize. Direct-mappedcaches
providegoodperformancavhenthe cachesizeis largecomparedo the size of the CPU cache(skloser
to the processor.Althoughassociativityeliminatesmanymissesthe MPI of the direct-mappedaacheis
alreadyso low thatthe SCPI canonly be decreasedy a smallamount. In effect, therearedecreasing
associativityreturnswith increasingscale(cachesize). Theseresultsshowthat,for theseparametersit
is probablynot worth any extradesigneffort to implementa 16-megabyte€-way set-associativeache
ratherthana direct-mappedaacheof the samesize.

Themultiprogrammedraceshavebreak-evercurvesthataresmoothlydecreasingvith increasing
secondancachesizein Figure5.10a. Note thattraceswith the shorterprocessswitch intervals(Multl
andMult2) tendto havelargerbreak-evermpenaltiesparticularlyfor the smallestcaches.Thisis aresult
of conflicts amongthe different processesising the cache. More frequentswitching exacerbateshe
conflicting accesse®f different processes.Associativity can reduceMPI in the presenceof these
conflicts.

Sorshowsthe mostanomaloudehaviorin Figure5.10a. It hasnegativebreak-evemenaltiesin

somecasedecausehe MPI actuallyincreases with associativity. This occursbecausealirect-mapped
cachesarethe bestfor referencepatternsthatloop [SMIG85]. Treeshowssmoothlydecreasingreak-
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Figure5.10a. Direct-M apped to 2-Way Break-Even Implementation Penalties.

This figure showsthe direct-mappedo 2-way break-evenaccesgime penalty (Tyreakeven) fOr a rangeof
cachesizes.

evenpenalties. Tv andLin both havebreak-everpenaltiesthat are maximal at an intermediatecache
size. This is abnormaland showsthat associativityis most advantageoust the intermediatecache
sizes,just like a cachesize doubling was most advantageousvith the intermediate-sizeatachesfor
thesetraces.

5.6.4. Inexpensive Associativity | mplementations

Associativity canbe expensive.Sinceany block in a setmay be referencedn a secondarcache
accessassociativityrequiresa search. Traditional associativityimplementation®xecutethis searchin
parallel,asshownin Figure2.2 andFigure5.11:theyreadall cachetagsof a setin paralleland com-
parethemagainstthe incomingtag. The requiredtag memorybandwidthandcomparatorsrepropor-
tional to the associativity. Alternatively, inexpensive associativity implementationsrequire a
bandwidthof only asingletag[KEJL89]. Figure5.11depictsthis option. Inexpensivamplementations
may be appropriatgfor secondargachesincesecondargachesareaccessethuchlessfrequentlythan
primary cachesand a sloweraccesgime may be tolerable. Inexpensivamplementationgrovidethe
reducedMPI of set-associativityat the samecostasa direct-mappedache. The sloweraccesgime of
an inexpensiveset-associativitymplementationrmay be tolerableif the cachemiss penaltyis large or
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Figure5.10b. Direct-M apped to 2-Way Break-Even (Blow-up).
This figure showsa blowup of theresultsshownin Figure5.10a.

sensitiveto increasedoad, andif atraditionalset-associativitymplementatiorcannotbe afforded.

This sectionexamineghe threeinexpensiveamplementatioralternativesdescribedy Kessler et.
al [KEJL89]. Thefirstis a naive schemethat sequentiallyscanghe tagsin a setuntil it findsa match,
startingat arandomlocation. Figure5.12depictstwo improvedinexpensiveassociativityimplementa-
tions. Chang,etal., [CHCS87]describeanimplementatiorof the MRU scheme.It scanghetagsfrom
the most-recently-usedo the least-recently-usedOf course,the MRU schemerequiresinformation
aboutthe orderingof the blocksto completeits scan. This MRU informationis similar (andperhapghe
same)information requiredto implementthe LRU replacemenpolicy21. The final schemeis called
partial match. Using a partitioning of the comparatomits with a tag memoryaddressingrick, it first
comparegiecesof eachtag with the correspondingpart of the incomingtag. In effect, the incoming
tagis partially compared to eachtag. Whenthe partial comparedoesnot match,the full comparewill
not match, so the tag neednot be further examined. Eachtag that partially matchedis subsequently
comparedo theincomingtagto find if thereis afull tag match. Whena partial matchdoesnot give a
full tagmatch,it is calledafalse partial match.

21. Notethatthe MRU informationis local to the secondargacheaswith LRU in Section5.6.2.
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Figure5.11. Implementing Set-Associativity.

Part(a) of thisfigure (top) showsthe traditionalimplementatiorof thelogic to find a hit or missin a A-way
set-associativeache. This logic usesthe set-indexing(“INDEX") field of the referenceto selectone T-
bit tag from eachof A banks. It comparesachstoredtagto theincomingtag (“TAG"™). It declaresa hit
whena storedtag matchegheincomingtag,a missotherwise.

Part(b) (bottom)showsa serialimplementatiorof the samecachearchitecture. Here the implementation
readsa storedtagsin a setfrom one bank and compareshemserially (the tagsare addressedvith "IN-
DEX" concatenatedith O throughA - 1).

To comparetheseschemesthis sectioncountsthe numberof probes requiredby each. A probeis
areadingof thetagor MRU memories.Becauséhetraditionalassociativityimplementatiorhasa high
tag memorybandwidth,it requiresonly a single probeto decidea hit or miss. In the bestcase a naive
scanfindsa hit in thefirst entry,soit needsonly a singleprobe. In theworstcasefor a hit, or elsefor a
miss,naivemustprobethrougheachtagto makethe hit/missdetermination.MRU requiresat leasttwo
probesin any casesinceboth the MRU andtag memoriesmustbe cycled:the MRU cycle selectsthe
MRULth block, andthenthe tag memorycycle comparegshetags. In the worst casefor a hot, or for a
miss, MRU mustprobethe MRU memoryonce(at least),andit alsomustprobethetag memoryonce
for eachtag. The partial matchschemeequiresat leasttwo probesto find a match(onefor the partial
compareand one for the full comparison)but a miss can be determinedwith only a single partial
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Figure 5.12. Improved I mplementations of Serial Set-Associativity.

Part(a) of this figure (top) showsan implementatiorof serialset-associativityisingorderinginformation.
This approachfirst readsMRU orderinginformation (left) and then probesthe storedtagsfrom the one
most-likelyto matchto the oneleast-likelyto match(right). Note“+” representsoncatenate.

Part (b) (bottom) showsan implementationof serial set-associativityusing partial compares. This ap-
proachfirst readsk (K = |T/A]) bits from eachstoredtag andcompareghemwith the correspondingits
of the incoming tag. In the secondstep, this approachserially comparesall storedtags that partially

matched"PM”) with theincomingtaguntil it findsa matchor it exhaustshetags(right).

compareof all tags,providedthereareno false matches. This is a significantadvantageof partial: it
requiresfew probeso find a cachemiss.

Table 5.4 showsthe expectedprobes(assumingrandomtags)for the different schemedor the
associativityA, andthe tag memorywidth requirements.The entriesshowthe speedsuperiorityof the
singleproberequiredby the traditionalassociativityimplementationput it alsoshowsthe high tagand
comparatowidth requirementsieededo supportthis. For naive,the expectedorobesfor a hit is the
meanof thenumbersl, ..., A, sinceeachtagis equallylikely to hit. The MRU probesfor hits depends
entirely on the probability that the early entriesin the MRU list areused. Sincethis probability is not
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known in general,the table gives boundsfor a 4-way set-associativeexample. The partial results
assuma@andomtags,thatis, thatthe probability of a false partial matchof K-bits is ziK Theexpected
partial probeson a hit includesthe minimum two probesplus thosedueto false partial matchesthe
A -1 non-matchingtagsfalsely matchwith probability of ZLK but only 1/2 of themwill be probed

beforethe matchis found (on average).On a miss, the partial compareapproachhassuperiorperfor-
mancecomparedto the other inexpensiveassociativityimplementations.Naive and MRU require A

andA +1 probeson a miss, but partial expectsonly a single probeplus ZAK probesfrom false partial

matches.
Configuration ExpectedProbes
Assoc- TagMemory Assume Assume
Method oty Width (bits) Hit Miss
AxT 1 1
Traditional
64 1 1
) A T 1/2)(A-1)+1 A
Naive
4 16 2.5 4
A
A T 1+3if 1+A
MRU i=1
4 16 [2,5] 5
A max(T, A xK) 2+ (AK_&) 1+ AK
Partial 2 2
4 20 2.05 1.13

Table 5.4. Expected Probes of Associativity | mplementations.

For variousassociativityimplementationsthis table givesthe tag memorywidth required,andthe expect-
ed probesfor hits and misses. The table assumed-bit tags(T = 16), K-bit partial comparegK =5), and
theith most-recently-usethg matcheswith probability f; on a hit.

While Table5.4 showsthe expectedorobes,Table 5.5 showsthe actualnumberrequiredfor dif-
ferentinexpensived-way set-associativeacheimplementations.The resultsareonly for readrequests
to the secondarycache. The performancdor write-backsis lessimportantbecauseahey canbe donein
the backgroundandbecausevrite-backcachdookupscanbeeliminatedif the primarycachemaintains
a pointerindicatingwhere(within a set)a block residesn the secondarncache(the write-backoptimi-
zationof [KEJL89]). Therequirednaivehit probesis preciselyasexpecteecausehe traversalorder
is random,andthe total for hits andmissesis high. The MRU hit probesareusuallylower thannaive,
andthey alsotendto decreaseavith cachesize becausehe MRUth block in eachsetsatisfiesa larger
portion of the secondarycachereferences.The Sor, Lin, and Tv tracesare exceptionalwith MRU
becauseherearecasesvhereincreasesn cachesizedecreas¢he probability thathits comeearlyin the
MRU list, increasingthe requiredprobes. Loops in theseapplicationscausethis. Loops can make
MRU lesseffectivebecausehereis lesslocality.
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Read Probes (4-Way)

InexpensiveScheme
Trace Cache Naive MRU PartialMatch
Size Hits Total | Hits Total | Hits Misses Total
Multl 256K | 250 2.75 233 2.79 | 2.06 1.13 1.90

1M | 250 2.58 224 239 | 211 1.13 2.06

4M | 250 2.54 209 218 | 2.16 1.12 213

16M | 250 2.52 204 208 | 2.34 1.49 2.33

Mult1.2 256K | 2.50 2.74 231 274 | 2.06 1.13 191
iIM | 250 2.60 222 240 | 211 1.13 204

4M | 250 255 209 219 | 214 111 211

16M | 250 2.52 204 209 | 2.34 1.48 2.33

Mult2 256K | 250 2.69 238 271 | 2.06 1.13 194
iIM | 250 2.58 219 234 | 210 1.13 2.05

4M | 250 255 207 216 | 2.15 1.13 212

16M | 250 2.52 204 208 | 2.35 1.61 2.34

Mult2.2 256K | 2.50 2.70 234 268 | 2.05 1.13 1.93
IM | 250 2.59 218 235 | 2.09 1.12 204

4M | 250 255 207 217 | 214 1.13 211

16M | 250 2.52 204 208 | 2.34 1.65 2.33

Tv 256K | 250 2.77 274 314 | 2.03 1.07 1.86
1M | 250 2.66 226 256 | 2.03 1.06 192

4M | 250 2.63 206 232 | 2.02 1.04 1.94

16M | 250 2.57 209 223 | 201 1.00 1.96

Sor 256K | 2.50 3.50 224 4.07 | 2.03 1.09 1.40
iIM | 250 3.40 236 394 | 2.02 1.02 142

4M | 250 3.00 279 353 | 201 1.03 1.68

16M | 250 2.60 234 252 | 2.00 1.00 1.93

Tree 256K | 250 2.85 253 310 | 2.03 1.06 181
iIM | 250 2.63 233 256 | 2.04 1.04 195

4M | 250 2.54 212 219 | 2.04 1.02 201

16M | 250 2.52 203 2.07 | 2.05 1.01 204

Lin 256K | 2.50 3.02 219 317 | 2.02 1.02 1.67
IM | 250 2.99 209 3.04 | 2.02 1.00 1.68

4M | 250 252 255 257 | 202 1.00 201

16M | 250 251 202 203 | 2.05 1.00 2.05

Theory 2.50 [2,5] 2.05 1.13

Table5.5. Read Probes of |nexpensive Associativity | mplementations.

For various4-way set-associativeecondarycachesthis table showsthe probesrequiredfor a secondary
cachereadaccess.|It showsresultsfor Naive hits andtotal (hits + misses)MRU hits andtotal, andpartial
matchhits, missesandtotal. The partial comparesf the virtual tags,including PID’s, use5-bits andthe
improvedtransformatiorof [KEJL89]. This constanipartialcomparewidth may beinappropriatesincethe
tagwidth may be reducedwith increasingcachesize. The table showsthe expectedresults(theory) from
Table5.4 atthebottom. The besttotal techniquefor eachrow is in Bold.

Becausethe assumptionof randomtagsis invalid with virtual tags, the 5-bit partial compare
resultsin Table5.5 sometimediffer from the expectedesultsin Table5.4, eventhoughpartial hashes
the virtual addressbits to makethem more random. For the multiprogrammedworkloads,the small
cachedavenearlythe expectedperformance.For the largercacheshowever the partial tagsfrom the
differentaddresspacesn the multiprogrammedvorkloadstendto be similar becausanostprograms
usethe sameportionsof the virtual addresspace so partial hasmorefalse matchesandrequiresmore
probesthanexpected.For the single-processvorkloads,the partial tagsfrom the single addresspace
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are more likely to differ than random,so the requiredprobesare fewer than expected. This occurs
becausehe dispersionof a single,largely contiguous addresspacethroughouta large cacheleadsto
differing tag valuessince sequentialvirtual addressefiave sequentialvirtual tag values. The non-
randomnessf the partial compareresultsfor the differentworkloadssuggestshatoneshouldtakecare
when decidingwhich, and how many, bits to usein the partial compares.Real tagswould likely be
morerandomthanthe virtual tagsusedhere(providedvirtual pagesarestoredin randompageframes),
soreal-tagresultsprobablywould closelyfollow thoseshownin Table5.4.

Partialdoesthe bestfor all but the largest(16-megabyteraches.Partialis faston misseswhich
is important becausesecondarycacheshave higher (local)missratios than do primary cachesof the
samesize. The superiorityof the partial techniquewith the smallersecondarycachess evidencesup-
porting the importanceof fastmisses. MRU performswell for the large cachesdbecause largeportion
of the hits areto the MRUth block in the secondarycache. This agreeswith the observation®f Soand
Rechtschafferon primary cachedSORE8B8]. MRU is effectivewhenthereis locality of reference.lt is
lesseffective whenthe secondarycacheis closein sizeto the primary cachesasin the 256-kilobyte
casein Table 5.5, becauseahe primary cachestealsmuch of the locality from the secondarycache.
UnlessanMRU memorycanbe madepatrticularlyfast, partial performsbetterfor the smallersecondary
caches.MRU is often betterfor the 16-megabyteeacheshowever. As the cachesizeincreasesMRU
cansuccessfullyextractlocality from the streamof primary cachemisses so the numberof probeson
cachehitsis low. Also, sincethe MPI of the largercachess lower, the poor performanceof MRU on
missesis lessimportant. If the partial comparewidth decreasesvith cachesize,as may be the case,
MRU canbe evenmore appropriatefor larger cachessincethe partial performancewill be degraded.
Ontheotherhand,largertags,suchasthoserequiredfor 64-bit addressesnay allow a partial compare
width of morethanfive bits. Then,partialmayagainbe moreappropriate.

5.7. Secondary Cache Block Size Alter natives

Anotherimportantcachedesignchoiceis the block size. Sincethe secondarcachesarethe sizes
that main memorieshave previously been,one might mistakenly expectthat secondarycacheblock
sizesshouldbe the sizethat pagespreviouslywere. The analogyto main memorypagesdoesnot hold
becauséhe backingstorefor the secondarache(main memaory)is ordersof magnitudefasterthanthe
backingstorefor main memory(disk). Pagesizesshouldbe largerbecausencethe disk is accessed,
thereis only a small additionallatencyto bring in moredata. A largerblock sizewill typically reduce
the MPI becaus®f spatiallocality [SmIT82], andit alsowill reducethetagmemoryrequirement®f the
cache. But sincemain memoryaccesgimes are much smallerthan disk accesdimes, the cachemiss
time canbegreatlyincreasedvith alargerblock size. Furthermorelargerblocksrequiremorememory
bandwidth:if contentionfor memoryresourcess a problem,smallerblock sizesmight be preferred.
Theoptimal block sizeis in the middle, betweerthe higherMPI with smallerblock sizesandthe larger
misspenaltyof largerblock sizes.

To measurehis effect, Tmissg-ache IS alinear function of the block sizethat countsboth latency
(fixed) andtransfer time (variable)componentsasin Smith’s model[SMIT87]. Thefixed latencycom-
ponentis independenodf the block size.It countsthefixed latencycomponenbf block transfer,suchas
reachingand cycling the main memory. The transfertime components directly proportionalto the
block sizeandcountsthetime to transfereachbyte of the block. Theformulafor the block sizelatency
modelis:
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TmissgeacHE = Tlatency + Tiransfer XB- (5.2)

Tiatency IS the latencycomponentTyanger IS the transfertime requiredfor eachbyte of the block, andB
is theblock sizein bytes.

The bestblock size dependson the valuesof Taency aNd Tyranger-  The architectureof the cache-
main memorycommunicationdecidesthesevalues. T anser Canbe reducedby loadingthe bytesof a
cacheblockin parallelratherthanserially [MATI89]. This mayinvolve havingmultiple memorybanks
operatein parallel,or havinga single,wider memorybank. Ty anger @alsocould bereducedoy complet-
ing thefetchof ablockin the backgroundafterfirst returningthe requestediata. While Ty gnger May be
changeableit is more difficult to reduceT,eney Sincea substantialportion of it is the main memory
accesgime.

The equationfor the block sizewith equallatencyandtransfertime is:

B = Tlatency .

Ttransfer
This block sizeis animportantdesignoption [PRzY90]. For smallerB, the latencycandominatethe
time for a cachemiss. Sequentiamemorylocationscould be loadedinto the cacheconsiderablyfaster
with a largerblock size. For larger B, the transfertime candominate. This canleadto poor perfor-
mancefor workloadsthat tendto referencesmall portionsof manydifferent cacheblocks. A designer
might choosethe block size wherelatency equalstransfertime since datacan be retrievedfrom the
memory systemwith no more than twice the minimum time causedby either the fixed latency or
transfertime. This canensurethatthe block sizeis closeto optimal for workloadswhereeitherlatency
or transfertime (or both)is essentiato memorysystemperformance.

Figure5.13showsSCPI versusthe block sizewith Tigency = 64 and Ty anger = 0.5 for the Multl1.2
trace (the latency equalsthe transfertime at 128-byteblocks). It showsthat 64-byteblocks are best
with the smallercaches128-byteblocksarebestfor a 1-megabytecache and 256-byteblocksarebest
for the 16-megabyteache(thoughit is hardto see). Cachecontentionin the smallercachesnadethe
smallerblock sizesbetter;the smallercachesvereunableto take advantagef enoughspatiallocality,
soa largeblock sizeresultedin significantamountsof unnecessargatatransfer. In the largestcache,
the 256-byteblocks were the bestsincetherewaslesscachecontention. The biggercachespreferred
the increasedransfertimes of largerblocks so that the fixed latencycould be minimized. Exceptfor
the smallestcaches128-byteblocksperformquite well with the Mult1.2 workload,showingthe useful-
nessof the heuristicequalizatiorof latencyandtransfertime.

To examinethe block size alternativesfor other workloads, Table 5.6 lists the SCPI of direct-
mappedsecondarycacheswith varying block sizes. The resultsshow the sametradeoff betweenthe
MPI reductionandunnecessargatatransferof largerblock sizes. For smallercachessmallerblocks
are preferred. As the cachesize increasesthereis lesscontentionso the fixed latency of a memory
operationcanbe amortizedoverlargerdatatransfersiargerblockswill give lower SCPI's. Thelowest
SCPI occurswith block sizesof 32-bytesor 64-byteswith a 256-kilobytecache 64-bytesor 128-bytes
with a 1-megabytecache about128-byteswith a 4-megabytecache and128-bytesor 256-byteswith a
16-megabyteache.

The multiprogrammedraceshavesimilar behaviorswhile the uniprogrammedraceresultsvary.
The Sor traceis especiallyinteresting. One might expecta scientific programto preferlarge block
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SCPI Comparison (Direct-Mapped Caches)
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Figure5.13. Performance Over a Range of Block Sizes.

Forthe Mult1.2 trace,this figure showsthe SCPI versusthe block sizefor a rangeof direct-mappedecon-
dary caches.T)sency=64 and Ty anger =0.5.

sizes particularlywhentraversingthroughlargearrays. Exceptfor the 16-megabyteache smaller32-
byte and64-byteblocksgive the minimum SCPI for Sor. The Sorsparsearrayrepresentationsesultin
lessspatiallocality and causethis preferencdor smallerblocks. However,sparserepresentationdo
not automaticallyimply thatsmallerblocksarebetter. Lin usessparsearraysbut slightly preferslarger
block sizes.

For all the workloads,a 64-byteor 128-byteblock givesthe minimum SCPI for the 1-megabyte
cache. Consideringthat larger block sizesrequire smallertag memories,a block size of 128-bytes
seemdike areasonablehoice,preciselythe block sizewherethe latencyequalsthe transfertime. On
the otherhand,if memorybandwidthand contentionarea concern,a block size of 64-bytesmight be
preferred.

Theresultsin Figure5.13and Table5.6 agreewith the resultsof Smith [SMIT87] and Przybylski
[PRzY90] in thatthe block sizewith leastSCPI is largely a function of the cache-mairmemorycom-
municationparameters.The secondarycachesize is a substantiafactor, but the SCPI-minimal block
size varies surprisingly little over cachesizesfrom 256-kilobytesto 16-megabytega factor of 64!).
Smallerblock sizesare preferredwith smallercachesput the SCPI-minimal size is usually no more
thana factor of two from the block size with equallatencyandtransfertimes (128-bytes). Exceptfor
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SCPI For Different Traces (Direct-Mapped)

Trace Cache SecondanBlock Size(Bytes)
Size 32 64 128 256 512
256K | 0.61 056 0.60 0.74 1.05
Multl 1M | 0.39 035 035 041 0.55
4M | 028 0.25 024 0.26 0.30
16M | 0.23 0.20 019 019 0.20
256K | 0.57 052 054 0.66 0.93
MultL.2 1M | 0.37 033 033 0.37 048
' 4M | 0.27 0.24 023 0.24 0.27
16M | 0.21 0.19 018 0.18 0.8
256K | 0.58 053 0.55 0.65 0.96
Mult2 1M | 0.36 031 030 0.33 0.40
4M | 0.27 0.23 022 022 0.25
16M | 0.21 0.19 0.18 017 0.18
256K | 0.53 048 0.49 0.58 0.82
Mult2.2 1M | 0.34 029 028 0.30 0.37
4M | 025 0.22 020 0.21 0.23
16M | 0.19 0.17 016 0.16 0.16
256K [ 091 090 0.98 1.34 2.00
Tv 1M | 0.58 054 054 060 0.73
4M | 0.49 0.45 044 046 0.50
16M | 0.35 0.34 033 0.34 0.36
256K | 195 2.08 272 424 7.47
Sor 1M | 1.85 180 212 3.05 5.24
4M | 1.39 118 119 147 217
16M | 0.85 0.61 0.48 0.42 0.39
256K | 069 0.70 0.83 1.18 1.84
ree 1M | 046 042 045 0.56 0.80
4M | 028 025 025 0.27 031
16M | 0.25 0.22 021 021 0.22
256K | 0.27 0.22 022 020 0.21
Lin 1M | 019 0.18 0.19 0.18 0.17
4M | 005 005 005 0.05 0.05
16M | 0.04 004 004 004 0.04

Table5.6. Block Size Alternatives.

This table showsthe SCPI for direct-mappedecondarycacheswith different block sizes. Tjeney=64 and
Tiranster =0.5. Thebold entriesshowthe lowestSCPI in eachrow.

the smallestsecondarygachesthe 128-byteblock SCPI is nearthe minimal SCPI.

The SCPI-minimal block sizesarelargerthanthosefoundin [SMIT87], and[PrRzY90]. Forexam-
ple, Przybylskifinds block sizesof 16-bytesto 32-bytesto be optimal for most caches. The smaller
cachesand different Tigency @nd Tyanster Values consideredin those studies are the causeof this
discrepancy.For the large Tyency Valuesand multi-megabytecachesexaminedhere,secondarycache
block sizesof 64-bytesor 128-bytesverebetter.

5.8. Inclusion Design Alter natives

An importantdesignchoicewith multi-level cacheconfigurationsis whetherthe hierarchywill
maintain inclusion. For the two-level hierarchical systemexaminedin this dissertation,inclusion
implies that any memorylocation held in either of the primary cachesalso mustbe in the secondary
cache BAEWSS].
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Inclusioncanbe usefulwhenhardwaremaintainscachedataconsistenin the presencef external
accessed$o the memory locations. In a uniprocessorsystem,inconsistenciegesult from writes to
cachedlocations by 1/0O devices. In a shared-memorymultiprocessor,inconsistenciegesult from
updatesof cachedlocationsby other processors Hardwaremonitorsresolvetheseinconsistencieby
invalidating or updating cachedlocationswhen necessary.When maintaininginclusion, a memory
locationthatis notin the secondarycacheis alsonotin the primary cache. Thus,if a secondarycache
invalidate (or update)was unnecessanyif is guaranteed that a primary cacheinvalidate (update)also
will beunnecessaryThe effectof inclusionis thatthe secondaryachecanfilter out manyconsistency
operationsyeducingthe communicationand interferencewith the primary caches.Without inclusion
maintenanceany consistencyoperationcould affect the primary cachesso all them may haveto be
passeabn.

Inclusionis desirablefor hardwareconsistencymanagementhut it hasan implementationcost.
While it may seemintuitively clearthata smallercacheshouldcontaina subsebf alargercachejnclu-
sionmay be nullified becaus@f block size,associativity andindexingdifferencesdetweerthe primary
and secondarycaches.Baerand Wang outline the configurationrequirementdor a restrictedform of
inclusion, where primary cachelocations would never have to be invalidated to ensureinclusion
[BAEW88,WANGB9]. Unfortunately,the requirementsfor this form of inclusion are strict; often it
requiresextremelyhigh associativityin the secondarycache. More generalcircumstancesccasionally
requireprimary cacheinvalidationsto maintaininclusion.

Wang describedtwo invalidation techniquedWANG89]. Implicit inclusion invalidatesthe pri-
mary cachesachtime the secondarycachereplacesa block. Explicit inclusioneliminatesall unneces-
sary primary cacheinvalidationssinceit maintainsinformation denotingwhetherthe primary caches
hold a (perhapdglirty) copyof areplacedlock. Both techniqueguaranteénclusionby invalidatingthe
primary cacheon secondarycachemisses. The differencebetweenthe two is that implicit inclusion
requiresan invalidation on every secondarycachemiss, while explicit inclusion executesonly the
invalidationsthatarerequired. Sincethe primary cacheblock sizeis smallerthanthe secondarycache
block size, eachprimary block canhold only a portion of a secondaryblock. The extrainformation
neededdy explicit inclusionis a valid bit (or two bits, one eachfor the instructionanddatacachesY¥or
eachportion of eachsecondarycacheblock frame. Whenthe valid bits arenot set,asis oftenthe case,
primary cacheinvalidationsareunnecessarwhenasecondargacheblock s replaced.

Table 5.7 showsthe frequencyof primary cacheinvalidationsrequiredby implicit and explicit
inclusion with 4-megabytesecondarycaches. Each primary cacheinvalidation appliesto both the
instruction and data caches. The implicit invalidation frequencyis simply four times the secondary
cacheMPI sincethere are four different 32-byte primary cacheblocks containedin each128-byte
secondanyblock; only someimplicit invalidations actually removea primary cacheblock. Not all
secondarycachemissesrequire explicit invalidations; eachexplicit invalidation removesa primary
cacheblock. Forexplicit inclusion,Table5.7 showsresultswith randomandinclusion-randonreplace-
ment. Inclusion-randomINCRAND) replacessecondarycacheblocksto minimize the primary cache
invalidation frequency. Since the explicit inclusion information is available, replacementdecisions
may be improved by taking inclusion information into account. Table 5.3 showedthat inclusion-
randomreplacementeducesthe secondarycacheMPI. Theseresultsshow that it also reducesthe
explicit inclusion primary cacheinvalidation frequency. This replacemenpolicy is not an option with
implicit inclusionbecauseheinclusioninformationis not available.
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Primary Cache Invalidates Per 1000 I nstructions
Implicit Explicit

Trace  ASSOC.| pAND | RAND  INCRAND
1 2.924 0.214 0.214
Multl 2 2.205 0.056 0.007
4 2.062 0.035 0.000
1 2.863 0.189 0.189
Mult1.2 2 2.239 0.051 0.005
4 2.116 0.035 0.000
1 2.516 0.185 0.185
Mult2 2 2.062 0.048 0.004
4 1.992 0.033 0.000
1 2.426 0.169 0.169
Mult2.2 2 2.025 0.045 0.004
4 1.957 0.031 0.000
1 7.588 0.162 0.162
Tv 2 7.046 0.050 0.002
4 7.041 0.044 0.000
1 29.616 0.263 0.263
Sor 2 30.630 | 0.191 0.005
4 31.626 | 0.179 0.000
1 2.533 0.142 0.142
Tree 2 1.944 0.028 0.001
4 1.859 0.021 0.000
1 0.405 0.025 0.025
Lin 2 0.232 0.003 0.000
4 0.143 0.001 0.000

Table5.7. Implicit and Explicit Inclusion I nvalidate Frequency.

This table showsthe frequencyof implicit and explicit primary cacheinvalidatesfor randomreplacement
(RAND) andinclusionreplacemen{INCRAND). The primary cachesaresplit direct-mappe®2-kilobyte
with 32-byteblocks. The secondarycacheis 4-megabytesvith a block size of 128-bytes. INCRAND is
randomreplacemenexceptit replacesblockswith copiesin the primary cacheonly whenthereis no other
choice,asin Table5.3.

Theresultsin Table 5.7 showthat the invalidation frequencyis muchlower with explicit inclu-
sion. This agreeswith Wang’s results for smaller caches[WANG89]. Although secondarycache
replacements infrequent,requiredinvalidations are at least an order of magnitudemore rare, and
inclusion-randomreplacementalmost eliminates them. With associativity and inclusion-random
replacementinvalidationsareextremelyraresincethe secondargacheis solargecomparedo the pri-
mary caches. There are considerablymore explicit invalidationswith the direct-mappedsecondary
caches.Direct-mappingincreaseghe likelihood of a primary cacheinvalidation causedoy conflicting
secondarygacheblocks.

Sincea primary cacheblock may be dirty, primary cacheinvalidationsmay haveto be executed
before the secondarycache replacesa block. Consequentlythe extra implicit invalidations may
increaselmissgcacye and SCPI. Explicit inclusion eliminatesmany invalidations,but maintainingthe
extrainclusioninformationcanbe costly. For it to be precise the informationshouldbe updatedeach
time a block is replacedor loadedfrom a primary cache. This meansthat explicit inclusion may
increaseTMiss;cache andTmisspcacHe, andconsequenthalsoincreaseSCPI.
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Maintaining hardwareinclusion hasa cost, for one thing a more compleximplementationand
also perhapsa higher SCPI. For multiprocessorswith sophisticatedhardware cache consistency
mechanismsinclusion may be necessary.For uniprocessorshowever,it may be more appropriateto
maintain cacheconsistencyin software. The operatingsystemcan invalidate cachedlocationswhen
thereis a potentialconflict. Then,if memoryaccessethy I/O or otherdevicesis notin the cachethere
canbe no inconsistencies Providedthat softwareinvalidationsare fast, softwareconsistencymainte-
nancecanimprove systemperformanceandreducehardwarecomplexity. If softwareinvalidationsare
too slow, or if they haveto be executedtoo often becausehe operatingsystemmust conservatively
invalidate,hardwarenclusionandconsistencynaybe a betteralternative.

5.9. Conclusions

This chapterdiscusseshe motivation for multi-megabytesecondarycachesand analyzesdesign
tradeoffsin theselarge caches. The two key trendsdiscussedn Chapterl motivate multi-megabyte
cachesincreasingorocessospeedsandlargermain memories. Without an adequateache fasterpro-
cessorgnay wait for main memorytoo often becauseachmain memoryaccesgakestoo long. Multi-
megabytecachesare more essentialwith faster processordecausdhey eliminate much of the main
memory accesspenalties. The bigger workloadsthat come with faster processorsand larger main
memoriesevenfurther motivate multi-megabytecaches;Smallercacheamay not havehigh enoughhit
ratios with theseworkloads. CPU cachehierarchiescombinethe fast accesdime of a smallercache
with the storagecapabilitiesof a multi-megabytecache. A multi-megabytesecondarycacheallowsthe
hierarchyto satisfy memoryrequestsat processospeedsevenwheneachmain memoryaccesss 100
cyclesor more.

Severafactorsdeterminethe bestsizefor a secondarycache. As the cachemisstime increasesa
largercachesizeis neededor goodperformance.The resultsof this chaptershowthat multi-megabyte
cachegeducethe SCPI of smallercachesgvenif eachcachesizedoublingincreaseghe cacheaccess
time by 10% or more. The targetworkload of the systemis alsoanimportantfactorin the cachesize
choice. Oneworkload may performwell with one cachewhile anotherdoesnot. Largercachesgive
goodperformancdor awider variety of applications.

Assaociativityis anothemajor designconsideration.This chaptershowsthatan associativitydou-
bling improvesdirect-mappednulti-megabytecacheperformancdessthana cachesizedoublingdoes,
which differs from the 2:1 rule that sayseachdoubling shouldhave aboutthe sameeffectin smaller
caches.This chapteralsoshowsthat higherassociativityis particularlyusefulonly whenthe secondary
cacheis not a lot largerthanthe primary caches. Direct-mappingperformsvery well for the largest
secondarycaches;associativityincreasesn the largestsecondarycachesmay not be justified if they
causeanyincreasesn designtime, accesgime, or cost. This chaptershowsthat LRU reducesMPI for
mostworkloads. Theincreasedomplexityof LRU maynot beworthwhile,however sincesomework-
loadsdo not benefitmuchfrom it. This chapteralsoshowsthatthe partial matchtechniqudookslike a
primising inexpensiveassociativityimplementationgspeciallyfor the smallersecondargaches.MRU
alsoperformswell for thelargestsecondarygaches.

This chapterfinds that block sizesof 128-bytesperformwell for the tracesandparametern this
study, validating a designchoiceof equallatencyand transfertimes that previousstudieshaveadvo-
cated. The SCPI-minimal block sizeis oftenwithin a factor of two of the 128-byteblock size,andthe
128-byteSCPI is usuallynearthe minimum SCPI. This emphasizethatthe bestblock sizefor agiven
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cacheis heavily dependentn the parameter®f the cache-mairmemoryintercommunication.Larger
fixed latenciesmply thatlargerblocksarepreferredwhile largertransfertimesimply thatsmallerblock
sizesare preferred. Multi-megabyte secondarycachesprefer bigger blocks becausehey can better
exploit spatiallocality andmitigatefixed latenciessincetheyhavelesscontentionfor cacheocations.

Inclusionsimplifies a hardwareconsistencymechanismbut its costcanbe high, both in termsof
implementationcomplexity and SCPI increase. Cachereplacementecisionscan significantly affect
the numberof the primary cacheinvalidationsneededo enforceconsistency.
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Chapter 6

Page Placenent Algorithms for Real-Indexed
Caches

6.1. Introduction

This dissertationchapterexposesthe affect of virtual memory page mappingon real-indexed
multi-megabytecacheperformance. The associativity difference between(virtual memory) address
translationand (set-associativegacheset-indexingmplies that the pageplacemenior pagemapping)
in the mainmemorydetermineghe dataplacemenin areal-indexednulti-megabytecache. Figure6.1
showsthe combinedstagegboth virtual memoryand cache)thatindex a virtually addressednemory
location into a multi-megabyteset-associativeache. Multi-megabyte cachesrequire so many set-
indexingbits that someof themmustcomefrom abovethe pageboundary. This createsvhatarecalled
cachebins. The upperindex bits that comefrom abovethe pageboundaryarethe bin index andthe
group of setsthat they selectis a bin?2. Addresstranslationselectscachebins only whena cacheis
bothlargeandrealindexed:small cacheshaveno bins becausehey gettheir indexbits from belowthe
pageboundary andvirtual-indexedcachegyetall theirindexbits directly from the virtual address.

Multi-megabytesecondarycachesare likely to be real indexedbecausehe addresgranslation
costof realindexingcanbe small enoughin secondarcacheghatthe benefitsof realindexingexceed
its cost[TADF90,WABL89]. The previouschaptersdo not considerreal-indexedcachesjnstead they
usevirtual-indexedcachegqwith PID-hashing}o approximateaeal-indexedtaches.This chapterexam-
inesthe differenceshetweervirtual-indexedcachesandreal-indexecnes,anddeterminesiow closely

22. Figure6.1 depictshinsthatarefour cachesets. Note that the superset of GoodmanGoobn87] is dif-
ferentfrom abin. Piecesof asupersespanall bins.



121

Virtual Address| Virtual Page Page O fset
Shaded Area
Only For Addr ess
Real-Indexed \_ Tr ansl ati on
Caches l
Real Addressl Page Frame age O f set |
Bin Index
q Set 0
Set Index Set 1 .
Set 2 Bin 0O
Set 3
Set 4
Cached
gztt ‘Z Bin 1 | Blocks
Set 7
Set_8

2

Figure®6.1. Virtual Memory and Set Indexing I nteraction.

This figure showstranslationstagesthat index a virtually addressednemory location into a large set-

associativeCPU cache. The cachetakesindexbits directly from thevirtual addresdor a virtually-indexed

cache,andit takesthe bits from the real addresgor areal-indexedcache. Any of the A (A is the associa-
tivity) cacheblock framesin the setchosenby theindex bits cancontainthe addressednemorylocation.

This chapteronly considersnulti-megabytecacheswith bit-selectionindexing[SMIT82].

virtual-indexed cacheperformanceapproximatesreal-indexedperformance. The page mapping can
greatlyaffectreal-indexednulti-megabytecachebehaviorbecauseddresgranslationplaceseachpage
in any of a hundredor evenseveralthousanddifferent cachebins. A poor pageplacementreduces
real-indexedmulti-megabytecacheefficiencybecausét overutilizessomecachebins andunderutilizes
others. This chapterexaminesthe interactionof page placementwith real-indexedmulti-megabyte
cachesand developssoftwaretechniqueghat avoid poor pagemappings,and consequenthincrease
hardwarecacheperformance.

6.1.1. PreviousWork

Fewpreviousstudiesexaminethe pagemappingreal-indexedcacheperformancesffectbecauseét
is only recently that real-indexedcacheshave startedtaking set-indexingbits from abovethe page
boundary. Sites and Agarwal [SITA88] comparethe performanceof virtual-indexedcachesto real-
indexed caches. They find that real-indexedcachesperform worse than the correspondingvirtual-
indexedcacheson the sameworkloadsunlessthereis frequentcontextswitching.

Only a few systemsoptimize the pagemappingfor cacheperformance.In the Sun 4/110, the
operatingsystemmapsinstructionpagesanddatapagegK ELL90] to evenandodd pageframesto parti-
tion theinstructionanddatareferenceinto the 4/110'sSCRAM cachgl GooC84]. MIPS usesa variant
of Page Coloring, describedn Section6.3,to improveandstabilizeits real-indexecdcacheperformance
[TADF90].

Many studiesoptimizethe addressingf programswith compileror user-leveloptimizations. Fer-
rari [FERR76] surveysmany schemedo improve virtual memory performanceby referencingfewer
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pages. Stamostries similarly to clusterobjectsand improve virtual memory performancgSTAm84].
McFarling [McFa89] and Hwu and Chang[HwuC89] introduce schemedo scattercommonly used
instructionsacrossdirect-mappectachedo reduceinstructioncachemisses. Cacheperformancealso
improveswith algorithmmodificationssuchasmatrix blocking [LARW91]. This chapterinsteadintro-
ducesimprovementsto the operating system memory managemensoftware. Though the virtual
memoryreferencegannotbe modifiedby the memorymanagementherealaddressesan.

6.1.2. Contributions of this Chapter

This chapterexamineghe softwarepageplacementeffect on multi-megabytereal-indexedcache
performance.It developssoftwarepage placementalgorithm improvementsthat canincreasemulti-
megabytereal-indexedcacheperformance.The trace-drivensimulationresultsof this chaptersuggest
that thesesoftwarepageplacemenimprovementscan make a hardwaredirect-mappedccacheappear
about50%larger,at no hardwarecost.

The improvedplacementlgorithmsare called careful page mapping algorithms. They aresmall
modificationsto the existing operatingsystemvirtual memory managemensoftwarethat improve
dynamic cacheperformancewith betterstatic pagebin placementdecisions. Most operatingsystems
map (place)new pagesinto the main memoryby selectingfrom a pool of availablepageframes. Nor-
mally the operatingsystemselectsan arbitrary pageframefrom the pool, probablythe first onethatis
available. In the terminology of this chapter this arbitrary selectionis called random (or naive) page
mappingbecausdhe operatingsystemdoesnot know (or care)where it placesthe pagein the main
memorywhenit choosesan availablepageframe. Careful pagemappingalgorithmsdon’t just map
pagedo arbitrarily availablepageframes. Instead whenthe pool allows somemappingflexibility, they
chooseone of the availablepageframesin the pool that bestsuits somesimple static cachebin place-
ment heuristics. Thesealgorithmsare low overhead particularly since they may only executeonce
wheneachpageis mappedwhile they may improve cacheperformancesachtime the processorefer-
enceghepages.

Section6.2 motivatesthe staticimprovementghat thesecarefulmappingalgorithmsrely on, first
qualitatively,then quantitatively. It first showshow the operatingsystemcanimprove static pagebin
placementandextractmanyof the advantagesf virtual-indexedcaches.A simplestaticanalysisthen
showsthe potentialcarefulmappingstaticimprovementsasmanyas30% of the pagedrom anaddress
spaceare unnecessarilyin conflict in a direct-mappedcachewhen using random mapping. This
analysisalsocorrectlypredictsthatthelargestgain from carefulpagemappingcomeswvhenthe cacheis
direct-mapped.

Section 6.3 describesPageColoring and introducesseveralmore careful page mapping algo-
rithms. Page Coloring matcheghereal-indexedin to its correspondingirtual-indexedbin. Bin Hop-
ping placessuccessivelynappedpagesn successivéins. Best Bin selectsa pageframefrom the bin
with the fewestpreviouslyallocatedand mostavailablepageframes. Hierarchical is atree-basedari-
antof BestBin that executesn time logarithmic of the numberof bins, andis cachesizeindependent
(i.e.it improvesstaticplacementn manydifferentcachesizessimultaneously).

Section6.4 usestrace-drivensimulation simulationresultsto showthat the static bin placement
improvementf thesepolicieseliminate cachemisses. It showsthat carefulpagemappingeliminates
10-20% of the direct-mappedcache missesfrom the Chapter3 traces. This is about half of the
improvementrom eitherdoublingthe sizeor the associativityof adirect-mappedache.
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Section6.4 correlatesthe dynamic cachemiss reductionswith static page placementmprove-
ments. It alsocompareshe performancef the differentcarefulpagemappingimplementationgor one
multiprogrammedrace. This comparisorshowsthat BestBin eliminatesthe mostmissesbut that Bin
Hopping and Hierarchical also perform well with a large pool of available page frames,and that
Hierarchical'ssize-independenagptimizesfor manycaches.Section6.4 thenshowsthatvirtual index-
ing (with PID-hashing)optimistically estimategeal-indexedcacheperformancethat carefulmapping
is effectiveoverarangeof pagesizes,andthata pool of availablepageframesthatis too large(relative
to the mainmemorysize)cancausemorepagemisses.

6.2. Motivation for Careful Page Mapping

This sectionmotivatesthe careful pagemappingalgorithmsby demonstratingfirst qualitatively
andthen quantitatively,the potentialstatic real-indexedpageplacemenimprovementof carefulmap-
ping overrandommapping.

6.2.1. Page Placement in Cache Bins

To fully understandhow to improvereal-indexedtachepageplacementsit is usefulto first under-
standhow (andwhy) virtual-indexedcachescanperformbetterthanreal-indexednes. The placement
of a pagein a virtually-indexedcachebin dependsonly on the placementof the pagein the virtual
addresspace.Figure 6.2 depictsa typical virtual addresspaceandits virtual-indexedbin placement.
The code area, holding the (read only) executableinstructions,residesin the lower portion of the
addresspacefollowed by the dataarea,a modifiableworking spaceof the process.The procedurecall
stackgrowsfrom the top of the virtual addresspacedownward andthereis a wide separatiorbetween
the stackanddataareas. The lowestaddresss zeroandthe highestaddresits areall ones. The vir-
tualindexingin Figure6.2 placesthe contiguoussodeanddatapagesn thelower bins,andit placesthe
stack pagesin the upperbins. The addressspaceis large enoughin this exampleso that the data
addressewrap around, andtwo pagesndexto somebins. Sincevirtual indexingplacessequentialir-
tual pagesin sequentialcachebins [SITA88], virtual addressspaceghat have contiguously-allocated
pageswill evenlyutilize thecache.

Realindexingis muchdifferent from virtual indexing sincethe addresdranslationshownin the
shadedhreaof Figure6.1 determineshin placement.Sincethe mappingof pagedo pageframesis usu-
ally fully associativetheremay be no relationshipbetweenthe real-indexedcachebin placemeniand
the virtual addresof a page. Oncethe operatingsystemplacesa pagein a pageframe,the pagewill
indexto the bin determinedby the bottombits, or bin bits, from the pageframenumber. If the operat-
ing systemignoresthe valuesof thesebits whenit mapsvirtual memorypagesto main memorypage
frames,addresgranslationwill causecachebin randomization.Figure 6.3 depictsan exampleof this
randomizatioron the left, wherepagedrom the addresspacean Figure6.2 arerandomlyplacedin the
real-indexedctache.

The left (random)placemenin Figure 6.3 is poor becauset putsmanypagesin the samecache
bins, wherethey competefor the samecachelocations. Competitionis undesirablesinceit cancause
more cacheconflict misses [HILS89]. Careful page mapping policies can producepage placements
more like the right side of Figure 6.3 thanthe left, so that cachebins are evenly utilized and many
unnecessargonflict missesare eliminated. Virtual indexing may havemore evenbin utilization than
randomreal-indexing,but a careful pageplacemenimakesa real-indexedcacheperformmore closely
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Figure 6.2. A Virtual-Indexed Bin Placement.

This figure showsa placemenbf the pagesrom avirtual addresspacein a virtually-indexedcache. The
pageshorizontallystackedn abin arethe onesthatthevirtual-indexingindexesto the bin.

like avirtual-indexedonebecausdét moreevenlyutilizesthe cachebinslike virtual indexingdoes.

6.2.2. A Simple Static Page Conflict Analysis

The differencein the two mappingsin Figure 6.3 showsthe possiblestatic placementimprove-
mentsof carefulpagemappingvisually. This sectiondevelopsa simplemodelto measurdhe potential
improvementsquantitatively. The metric calculatedby the modelis page conflicts, C, which is the
numberof pagesn the cachebins abovethe cacheassociativity(A). OncetherearemorethanA pages
in a bin there can be cachecontentionbecausehe cachecan only store A cacheblocksin eachset.
Thus,whenu pagedandin a cachebin, therearesaidto be max (0, u —A) pageconflictsfor thatbin23,
andthe total conflictsin a pagemappingis the sumof the conflictsfrom all the pagesn eachbin. As
anexamplewith adirect-mappedaachetherearesix conflictsin the left placemenbf the addresspace
shownin Figure6.3,andtherearefour conflictsin theright placemenbf the sameaddresspace. Simi-
larly, therearethreeandzeroconflictsfor a 2-way set-associativeache.

23. This chapterusesu-A ratherthanu becausét morecorrectly predictsthe magnitudeof the conflict. If
u wasusedinstead thenconflictswould be minimizedby first filling the cache(placingA pagesn eachbin)
andthen placing all the restof the pagesin a single bin; it is unlikely that this mappingwould minimize
dynamic cachemisses. Similarly, with many pages,static conflicts would be maximizedwhen the pages
wereevenlyspreadacrosghe cachethis would muchmorelikely minimizethanmaximizedynamicmisses.
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Figure 6.3. Random and Careful Real-Indexed Bin Placements.

This figure showstwo placement®f the sameaddresspacein Figure6.2into a real-indexedcache. The
left bin placemenmmight resultfrom randommappingandthe right one might be a carefulmapping. The
horizontally stackedpagesare the (competing)onesthat the virtual to real addresdranslationindexesto
thesamebin.

The averagepageconflicts from randommappingscan be calculatedto quantify the potential

static mappingimprovementof carefulpagemapping. The numberof bins of a set-associativeache,
B, is the cachesizein pagesN, divided by the cacheassociativity,A: B = % = 29t \wheredepth is

the numberof bin-indexbits. With randommapping,the operatingsystemmapsthe U pagesrom an
addresspaceo pageframesby randomlysampling(without replacement!)from a finite populationof

pageframes(i.e. the main memory). Thereare P availablepageframes,andexactly % P (aninteger)

pageframesarein eachof the B bins. A hypergeometridistributiongivesthe probability thatexactlyu
of theU pagesandomlyfall in oneof the B bins[MILF77]:

¢ )((B W)

P(uinbin) = (6.1)
U

Thebinomial coefficient

() (a-b)b! b)'b'
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representshe numberof waysto chooseb elementdrom a elementgwithout replacement).

WhenP is large,the hypergeometriaistributionin Equation6.1 canbe approximatedy a bino-
mial distributiorf*

P(u in bin) = (ﬂ) (%)“(1—%)“'“. 6.2)

For manyrealisticcasesP is sufficiently closeto infinity thatEquation6.2is the sameasEquation6.1,
soit maybeusedbecausét is simpler.

Equation6.3 calculateshe expectedconflicts of a randomplacemenbf U pagesusing Equation
6.1 (Equation6.2 alsocouldbeused):

P
mln(E,U)
Cag =B Y (U-A)P(uinbin). (6.3)
u=A+1
It multiplies u—A, the conflict pages,times the probability of u> A pagesin a bin to producethe
expectedconflict pagesin eachbin. This times the numberof bins gives the total expectedconflict
pages.

Theboundson C arealsoimportantto know becausehey gaugethe potentialstaticconflict varia-
bility of different placements.The maximum conflictsin a placementof U pagesinto a real-indexed
cacheCax IS:

_ B
Chax = U - A UF ,A) (6.4)

: P|,, B
min(U 5 {U P

Where{ug is the minimum numberof binsthatthe U pagescanbe placedin. The complexityof this

equationoccurssinceit may not be possibleto placeall U pagesof anaddresspacein a singlecache
bin whenP is finite. AsP - c Equation6.4 simplifiesto

Cmax = mx(o, U _A)
sinceall U pagescanbe placedin the samebin. The minimum conflicts, C i, 0ccurswhenthe pages
of theaddresspacesvenlydistributeacrosghebinsof thecacheso

Cmin =max(0,U —N). (6.5)

Figure 6.4 plots C,,4 andits boundsfor variousaddressspacesizes(U). (Note that the address
spacesizeis the numberof pagepagegeferencedn anaddresspace.)In theworstcasethe operating
systemplacesall pagesin the samebin, soC,,y is linearwith the addresspacesize. In the bestcase,
the operatingsystemevenly utilizes the cache sono conflictsoccuruntil the cacheis full of pagesand
theneachadditionalpageaddsa newconflict.

Figure6.5illustratesthe differencebetweenC,,q andC i, moredramaticallyfor direct-mapped,
2-way, and 4-way set-associativeeaches. It plots the random conflicts less the minimum, or the

24. Both Thiebautand Stone[THIS87]and Agarwal,etal. [AGHH89], alsousebinomial distributionsfor
similar analysis.
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Figure 6.4. Cache Placement Conflicts.
This figure showsCqg, Ciax, andC,, (ascalculatedby Equationss.3, 6.4, and6.5) for variousaddress
spacesizes(U). Themodeledsystemis a 1-megabytadirect-mappedA =1) cache(N =B =64) backedup
by a 128-megabytenainmemory,with a pagesizeof 16-kilobytes.

mappingconflicts (C44 — Crin), Which is the potentialstatic conflict savingsof careful pagemapping.
While randompagemappingwould averageC,,4 conflicts,a carefulmappingof the pagescouldreduce
the conflictscloseto C,,j,. Thefigure showsthatasmanyas30% of the pagesrom anaddresspace
areunnecessarilyn conflict with randommapping. This is the potentialstaticimprovementavailable
to carefulmapping.

Figure 6.5 showsthat the mappingconflicts are maximizedat the point wherethe addresspace
size equalsthe cachesize. This indicatesthat the largestpotentialgain from carefulmappingis when
the (active) addressspacesizeis aboutequalto the cachesize. Otheraddresspacesalsowill benefit
from carefulmapping,but this is the bestcase. Whenthe cacheis underutilizedor highly utilized, care-
ful mappingbecomedessusefulandnecessarpecausét canremovefewerconflicts.

Figure 6.5 also showsthat C,,4 — Cin decreasesvith increasingassociativity. This showsthat
carefulmappingis mostusefulwith a direct-mappeaache. In the extremecase carefulmappingcan-
not helpfully-associativecachedecausehey haveno mappingconflicts.

Considerthe peakvaluesof the curvesin Figure 6.5. This valueis interestingbecausedt shows
the potentialof carefulmappingfor a givencache.If a simplecomputationcould determinethis value,
it would beaneasyway to learnthe maximumpotentialof carefulmappingfor a givencache.

Let max (Cyg — Cin) bethe valuefor Cyyq —Cpyin whenU =N =BxA andP - « (Equation6.2
is usedratherthanEquation6.1). It canbe shownthat

| AA—l Au—l
im =e" A-u
B_oo N UEO( ) u!

max (Cavg -C min)

(6.6)

wheree is the naturalexponentia[ELLG82]. For direct-mappedachesthisis simply e™. This means
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Figure 6.5. Random Mapping Conflicts.

This figure showsthe differencebetweenthe conflictsresultingfrom a randommappingandthe minimum
conflicts, the mappingconflicts (C,,q —Crmin), for different addressspacesizesand cacheassociativities
(A=1,2,4). The configurationis a 128-megabytanain memoryin 16-kilobyte pageswith a 1-megabyte
cache(N =64,B =N/A).

that up to e™, or 36.7%, of pagescan be unnecessarilyn conflict in large cacheswhen the main
memorysizeis large. An empirically found closed-formapproximatiorof Equation6.6is:

max(cavg _Cmin)
N
This formulais extremelysimple,yetit containsmuchusefulinformation. Table 6.1 lists actualmax-

imum conflict fractions for various configurations,and comparesthem to the estimationsgiven by
Equation6.6 andEquation6.7.

Hae (0e®*D), (6.7)

In general the approximationsareaccurate.Both Equation6.6 and6.7 consistentlyoverestimate
the actualmaximumfraction of conflict pagesovertherangeof cachestudied. Equation6.6is slightly
more accuratethan Equation6.7, the empirical equation. Both approximationsare more accuratefor
thelower associativities.

Usually, the simple closed-formformula given by Equation6.7 is a good approximationof the
maximum averagestatic mappinggain from careful mapping. Sinceit dependsonly on the associa-
tivity of the cache,it showsthat the usefulnes®of carefulmappingis more dependenbn associativity
thanthe cachesize,pagesize,or mainmemorysize.

6.3. Careful Mapping I mplementations

This sectionpresentdour carefulpagemappingimplementationghat try to realizethe potential
improvementshownin the previoussection. The carefulmappingalgorithmsuseany pool of available
pageframesto utilize the cachebins morefully and minimize the cachecontentionby the pagesfrom
multiple addresspaces.They do not requirea pool for correctnesshut only to give betterplacements.
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Maximum Conflict Fraction
Equation6.6 Equation6.7
B A Actual Value Error Value Error
64 1 0.36 0.37 1.2% | 0.37 1.2%
32 2 0.27 0.27 2.0% | 0.27 2.0%
16 4 0.19 0.20 3.7% | 0.20 5.7%
8 8 0.13 0.14 73% | 0.15 12.7%
4 16 0.09 0.10 16.0% | 0.11 26.0%
256 1 0.36 0.37 1.8% | 0.37 1.8%
128 2 0.27 0.27 2.0% | 0.27 2.0%
64 4 0.19 0.20 2.4% | 0.20 4.4%
32 8 0.14 0.14 3.2% | 0.15 8.3%
16 16 0.09 0.10 49% | 0.11 14.0%

Table6.1. Maximum Conflict Fraction Approximations.

This table compareghe maximumfraction of mappingconflict pagesapproximationsn Equation6.6 and
Equation6.7 with actualvalues(as calculatedby Equation6.3 with U =N =BxA). The “actual” datain
this table correspond¢o a 128-megabytenain memorywith 16-kilobyte pages(P = 8192). The top half
corresponds$o a 1-megabyteacheandthe bottomhalf correspondso a 4-megabytecache.

Of course,a careful page mapping algorithm should preferably produce better placementswith a
smallerpool. Thatway, carefulmappingis moreadaptabldo all pools,small or large,andit canpro-
ducestaticmappingimprovementsvith minimal pagereplacemeneffects(perhapsione).

The algorithmsmostimportantly minimize intra-address-spaaachecontention,andonly secon-
darily do someof themtry to minimize inter-address-spamntentioﬁ? Theyimprovethe pageplace-
ment of a single addressspacein a (unified) multi-megabytereal-indexedcachebasedsolely on the
static criteria shownin the previoussection;they do not useany dynamicreferencinginformation for
placememimprovementée. Section6.4 showsthat the static placemenimprovementsof thesealgo-
rithmseliminatemanydynamiccachemisses.

6.3.1. Page Coloring

The simplestway to map pagescarefully is to force a real-indexedcacheto work asif it werea
virtual-indexedcache. This is calledPage Coloring. MIPS usesavariantof it [TADF90]. PageColor-
ing minimizes cachecontentionbecausesuccessivevirtual pagesdo not conflict in a virtual-indexed
cacheandmostly contiguousaddresspaceghataresmallerthanthe cacheoftenindexinto cachebins
without conflict. Giventhe complexity of currentmemorysystemsthe simplicity of PageColoringis
desirable. The pagemappingfunction simply (equality) matcheghe bin bits of a virtual pageto areal
pageframe. Whenit cannotfind a pageframethat matcheghe bits, it choosesany pageframe, prob-
ably thefirst available. Figure 6.6 showsa codefragmentthat could be usedto implementPageColor-
ing. The Careful _Col oring() function chooseghe bin eachtime PageColoring mapsa page.
Not shownaremoredifficult portionsof the memorymanagementodethatwould extractan available

25. Intra-addresspaceconflictsarelikely to causehe mostcachemissesn future processorghatexecute
hundredsof thousandspr evenmillions, of instructionswithin a single addressspacebeforeeachprocess
switch.

26. Static placementdecisionsare appropriatebecausedynamic information, such as cachereferences
(missespr pagereferencegfaults),maynot be availableto the pagemapper.
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pagefrom the choserbin andupdatesystemstateinformationaccordingly.

VALUE free[ NUMBER_BI NS] ;

Bl NTYPE Car ef ul _Col ori ng(vp, pid)
VI RTUALPACE vp;
Pl DTYPE pi d;

{
Bl NTYPE bi n;

bin = vp % NUVMBER _BI NS;

if(free[bin] > 0)
return(bin);
el se
return(Bl N OF_ANY_AVAI LABLE_PACE);

Figure 6.6. Bin Choice Code for Page Coloring.

This figure showsa “C” codefragmentto implementPageColoring. Car ef ul _Col ori ng() places
a pagein a bin, giventhe virtual page,vp, to be mapped.The f r ee array containsthe numberof page
frames available in each bin. The “%” operator is the modulo operator.
BIN_OF_ANY_AVAILABLE_PAGE would likely be the bin of the first availablepage,but could be the
bin of anyarbitraryavailablepage.

More sophisticatedPageColoring implementationsare better. As Figure 6.6 showsthe imple-
mentation,PageColoring placescommonly usedvirtual addresseglike the stack,for instance)from
differentaddresspacesn the samereal-indexedcachebins, which will leadto excessiventer-address
spacecontentionand, consequentlymany cachemisses. PageColoring can solve this problem by
offsetting eachaddressspace(or contiguoussegment)differently in the cache[TADF90], insteadof
directly matchingvirtual andrealbin bits. This chapterconsidergwo versionsof PageColoring: (1) an
exactmatchof bin bits (asshownin Figure6.6), and(2) a matchof bin bits exclusive-oredvith a dif-
ferentPID (processdentifier) for eachaddresspace. The preciseform of PageColoringusedby MIPS
wasnot known,but they probablydon’t usea directequalitybin match.

6.3.2. Bin Hopping

Figure 6.7 showsBin Hopping,anothersimpleway to equalizecachebin utilization. It allocates
sequentiallymappedpagesin sequentialkcachebins, irrespectiveof their virtual addressesBin Hop-
ping reducesachecontentionbecausdt sequentiallydistributesthe pagedrom anaddresspaceacross
the cachein differentbins (until it mustwraparound). It exploitstemporallocality becausehe pagest
mapsclosein time tendto be placedin different bins. If pagesmappedtogetherare also referenced
togetherthis reducesontention.

Figure 6.7 showsa Bin Hoppingexamplewhereit alwaysfinds availablepageframesin succes-
sive bins. This may not be a commonscenarioin many systemssincetheremay not be pageframes
availablefor replacemenin all bins. Bin Hoppingskipssomebinswhenit incrementverbinsthatdo
not containfree pageframes. This degradeshe pageplacement.

Figure 6.8 showsa straight-forward‘C” codeBin Hoppingimplementatiorthat chooseghe bin
placementof a page. The implementatiorntraverseshe bins until it finds onewith an availablepage
frame. Thenit remembersvhereit placedthe last page,sothe nexttraversalcanstartfrom there. Bin
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Figure 6.7. Page Placement By Bin Hopping.

This figure picturesa page placementthat could occur with Bin Hopping, which maps pagesto page
framesin successiveachebins.

Hopping maintainsa separatdraversalpath per addressspace,so it minimizes conflicts within each
addressspaceseparately. The simplicity of Bin Hopping, like PageColoring, is its largestasset. A
small amountof stateinformationis neededper addressspace,only the bin wherethe last pagewas
placed.

6.3.3. Best Bin

The strengthof PageColoringandBin Hoppingmay alsobetheir weakness.The smallamountof
savedstateinformationreduceghe effectivenes®f the mappingfunction becausét precludessophisti-
cateddecision-making.Whentherearenot availablepagesn all bins, PageColoringandBin Hopping
may not producea good mapping. Instead,a pagemappingfunction canuseto advantagenformation
indicating the previouslyplacedpagesin eachcachebin. The completemappingof virtual pagesto
pageframescontainsthis information, but it canbe costly to extractit. Sincethe pagemappingfunc-
tion requiresonly countsof pageframesin eachbin, executionefficiencyis greatlyimprovedby storing
thesecountsin a readily-availableform. The storagespaceof the countsis modestcomparedo the
spacerequiredfor the completepagemappinginformation.

The countfor eachbin is the pair <used, free>. Used is the numberof previouslyplacedpages
from a given addresspaceandfree is the numberof pageframesavailablefor placemenin this bin.
A straight-forwardmappingalgorithm sequentiallylooks at eachof the <used, free> pairs (for each
bin) and chooseghe bin that bestmeetsthe standard®f suitability. This algorithmis Best Bin. Like
Bin Hopping,BestBin ignoresthe virtual addresseshenit mapsa page. BestBin maintainssystem-
wide free informationto showthe numberof availablepageframesin eachbin, just asPageColoring
and Bin Hopping do. The addedstate of Best Bin is the used information per bin for eachactive
addressspace. BestBin reducescontentionwithin eachsingle addresspaceby equalizingtheseused
valuesacrosghedifferentcachebins.
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VALUE free[ NUVBER BI NS ;
BI NTYPE next _bi n[ NUVBER_PI DS] ;

Bl NTYPE Car ef ul _Hoppi ng(vp, pid)
VI RTUALPACE vp;
Pl DTYPE pi d;

{
BI NTYPE bi n;

bin = next_bin[pid];

while(free[bin] == 0)
bin = (bin + 1) % NUVBER _BI NS;

next_bin[pid] = (bin + 1) % NUVBER BI NS;
return(bin);

Figure 6.8. Bin Choice Code for Bin Hopping.

This figure showsa “C” codefragmentto implementBin Hopping. Car ef ul _Hoppi ng() places
page vp in abin, giventhe procesqor addresspace)dentifier pi d indicatingthe mappingprocesgad-
dressspace). It will properlyterminateprovidedthereis an availablepageframe. The f r ee arraycon-
tainsthe numberof availablepageframesin eachbin andthe next _bi n arraycontainsthe bin position
(initially random)for eachprocesqaddresspace).

The Choi ce() codein Figure6.9 rankstwo bins basedon the <used, free> parameters.The
specificrulesusedfor rankingthe <used, free> pairs(bins) are,in priority order: (1) the bin musthave
at leastone free pageframe (free> 1), (2) the bin shouldhavethe fewestpagesusedby this address
space(minimize used), and (3) the bin should havethe most pageframesavailable(maximizefree).
Rule (2) minimizes conflicts within the addressspace,and rule (3) minimizes conflicts betweendif-
ferentaddressspacessince more availablepageframesimplies that other addresspaceaunderutilize
thebin. If theserulesfail to producea preferablebin, anarbitrarychoicecanbe made.

Figure6.10shows"“C"” codeto implementBestBin. Thecodeis aloop callingthe Choi ce()
function that incrementallyfinds the bin thatis best. This is a simpleimplementationandit assumes
thatthereis atleastoneavailablepageframe.

Figure6.11depictsan exampleof a choicemadeby BestBin. The <0, 0> bin hasthe leastprevi-
ouslymappedoageshutit cannotbe chosersincethereareno availablepageframes. Of all the <used,
free> pairs,BestBin chooseghe <1, 3> bin becausehereare severalavailablepageframesandonly
onepreviouslyplacedpageframe. After choosingthe <1, 3> bin, the pagemappingfunction extracts
anavailablepageframefrom the bin, mapsthe virtual pageto the real pageframe,andchangeghe <1,
3> pairto <2, 2> to reflectthe modifiedstate.

BestBin requiresmore memorythanthe previousmappingalgorithms. It requireslessstorage
with increasingassociativityor pagesize, but more storagewith larger caches. Sincethe numberof
pageframesfrom eachbin is likely to be small and exactused valuesare not requiredfor correctness,
shortintegerscanbe usedto represeneachvalue. An 8-bit byte may be sufficientlylarge,for example.
Variableoverflowon shortintegerscanbe easilyhandledby “pinning” anodeat the maximumvalue,
making the value at a nodean approximationof the true value. Whenusing one byte per entry, only
256-byteswould be requiredfor a used arraycorrespondingdo the bins of a 4-megabytalirect-mapped
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BOOLEAN Choi ce(l eft _used, left _free, right _used, right _free)
VALUE | eft_used, left _free, right_used, right free;

if(left free == 0)
r et ur n( CHOOSE_RI GHT) ;

else if(right_free == 0)
r et ur n( CHOOSE_LEFT) ;

el se if(right _used > left_used)
ret ur n( CHOOSE_LEFT) ;

else if(left_used > right_used)
r et ur n( CHOOSE_RI GHT) ;

else if(left_free > right_free)
r et ur n( CHOOSE_LEFT) ;

else if(right_free > left_free)
ret ur n( CHOOSE_RI GHT) ;

el se
r et ur n( ARBI TRARY_CHO CE) ;

Figure 6.9. Codeto Choose Among Bins.

This figure showsa “C” codefunction usedrank alternativebins. Its argumentsare the <used, free>
pairsfor eachbin andit returnsthe preferredbin.  ARBI TRARY_CHO CE could be a constantor a ran-
domvariable.

VALUE used[ NUVBER PROCESSES] [ NUVBER BI NSJ ;
VALUE free[ NUVBER BI NS] ;

Bl NTYPE Car ef ul _Best (vp, pid)
VI RTUALPACE vp;
Pl DTYPE pi d;

{
Bl NTYPE best bin, bin;

best _bin = 0;
for(bin = 1; bin < NUVBER BINS; bin++)
i f(Choi ce(used[pid][best_bin],
free[ best _bin],
used[ pid] [ bin],
free[bin]) == CHOOSE RI GHT)
best _bin = bin;

return(best _bin);

Figure 6.10. Bin Choice Code for Best Bin.

This Figure showsa “C” codefragmentto implementBest Bin pagemapping. Car ef ul _Best ()
placespage vp in a bin, giventhe procesgor addressspace)identifier of the mappingprocessaddress
space).The used arraycontainsthe used stateinformationfor eachprocess.The f r ee arraycontains
thenumberof availablepageframesin eachbin. Figure6.9defineshe Choi ce() function.

cachewith 16-kilobytepages.



134

<2,3>

<1,0>

<1,3> <— ChooseThisBin

<0,0>
Bins [— <usedfree>pairs
<1,0>

<2,2>

<1,1>

<1,2>

Figure 6.11. Page Placement by Best Bin.

This figure showsthe bin thatwould be chosenasthenbestbin by BestBin using Choi ce() from Fig-
ure 6.9. Picturedarethe <used, free> pairsfor eachbin. BestBin will look atall binsanddecidethatthe
<1,3>binis best.

6.3.4. Hierarchical

The BestBin executiontime may be linearin the numberof bins, which may be too slow when
therearemanybins. Alternatively, Hierarchicalcanchoosea bin moreefficiently with the aid of a bin
tree structure,as picturedin Figure 6.12. The time complexity of Hierarchicalis logarithmicin the
numberof bins, much betterthan linear when there are many bins. Another important property of
Hierarchicalis its sizeindependenceThis meansthatit improvesthe static pageplacementin many
cachessimultaneously. With the properassociatiorof tree leavesto cachebins, the differentlevels of
the tree correspondto cacheswith more or lessbins. By optimizing eachtree level, Hierarchical
improvesthe static pageplacementin eachcache. This is particularly importantwith a hierarchyof
real-indexedCPU cachessincethe pagemappingfunction will eliminate conflictsin all the cachedn
the hierarchysimultaneously.lt alsosimplifiessoftwaremanagementForexamplejt allowsmachines
with different cachego usethe sameoperatingsystemexecutablethe samealgorithmwill eliminate
conflicts in eachcachewithout modification. Size independencalso hasa simulation advantagea
cachesimulator can concurrentlysimulate multiple cacheswith the samesize-independentirtual to
realpagemappingsproducedby Hierarchical.

Figure6.12showsthata bin treeis a fully balancedinarytree;the valueof eachleaf nodeis the
numberof pageframesin its associatedin. The valueof interior nodesis the sumof the valuesof its
children. The valueof the root nodeof a used(free) bin treeis the numberof used(free) pageframes.
Hierarchicalusesa singlefree bin treesystem-widebut it needsa usedbin treefor eachaddresspace,
just as BestBin needsa bin array per addressspaceand Bin Hopping needsa bin position for each
addresspace. This chaptemuseshinarytrees;higherbranchingfactorsalsocould be used butthey may
not maintainsizeindependencwith all caches.

WhenHierarchicalmapsa newvirtual pageto a pageframe, it traverseshebin treesfrom theroot
to a bin (leaf) at the bottomof thetrees. During a traversal exactlylog,(B) choicesdecidethe particu-
lar traversalpath. The key determinantof the effectivenessof Hierarchicalis the quality of these
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This figure picturescachebins structuredas a hierarchicaltree, called a bin tree. A treetraversalplaces
the pagein abin. Decisionsat eachnode,basedon the nodevalues,determinethe treetraversaldirection.
This chapterassumesinarybin trees;treeswith higherbranchingfactorsalsocould be used.

decisions.Hierarchicaldecideghe traversaldirectionby looking at the <used, free> pairscorrespond-
ing to the two childrenof a node. It ranksbins (sub-treespreciselyasBestBin does,asdescribedn
Figure6.9. The<used, free> valuespassedo the Choi ce() functionareinterior treevaluesinstead
of thefinal bin values. Both HierarchicalandBestBin usethe same Choi ce() becausehe goalsof
the decisionarethe samein eachcase. They both minimize contentionby equalizingthe used values
within eachaddresspaceseparately.

Figure 6.13 showsHierarchicalon a simple example. Traversalstartsfrom the root of the bin
trees. Fromthere,Hierarchicaldecideshasedon the <4, 6> and <5, 5> pairscorrespondingo its sub-
trees. It chooses<4, 6> sinceit haslessused pages. Next, Hierarchicalchooses<1, 3> over <3, 3>,
againbecausedhereare lessused pages. Finally, it chooses<1, 3> over <0, 0> because<l1, 3> has
availablepageframes. Bin treetraversais thencompletesincealeaf nodeis reached.

Figure 6.13 also showshow Hierarchicalupdatesbin treesafter placing the pagein the chosen
bin. Treeupdateunlike treetraversalproceedgrom a leaf of thetreethroughthe only pathto theroot
of the tree,updatingeachnodealongthe way. Similar to the log,(B) decisionsrequiredto traversea
bin treedownward,Hierarchicalmodifieslog,(B) + 1 nodesduring a treeupdate. Note thattreeupdate
could be donewith treetraversalsinceHierarchicalknowsthe changest will makeon the pathto the
leaf.
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Figure6.13. Bin Tree Traversal.

This figure showsan exampleof a bin choicewhenmappinga virtual page(usingthe decisionheuristicin
Figure 6.9) by <used, free> bin treetraversalwith Hierarchical. The right half showsthe corresponding
updateghatoccurafterthe mappingtraversal. The valuesof thetreenodesaregiven. The usedvaluesof
the leavesshow the numberof pagesalreadyplacedin the correspondingbin. The free valuesof the
leavesshowthe numberof pageframesavailablefor replacemenin the correspondingpin.

Figure 6.14 illustratesthe labeling of tree nodesin a bit-reversedmanner. With this labeling,
Hierarchicalproducessizeindependentnappings. The labelsof the treenodesarea reversalof the bit
strings obtainedfrom an increasing(binary) ordering of the nodeson a level from left to right. By
definition, the value of a leaf nodeis the numberof used (free) pageframeswhosebottom bits match
the leaf nodelabel. Sincea parentnodeis the sumof its childrenvalues,AppendixA showsthatthe
valueof eachtreenodeis the numberof pageframeswhosebottombits matchthe nodelabel.

The low-order (right) digit of the nodeson the left half of the bin tree are all zero while the
correspondindpit is alwaysonefor the nodeson theright half. Sincethefirst decisionduringmapping
decideswhetherthe right or left sub-treewill be traversedthis decisionchooseghe bottom bit of the
pageframenumber. Thisis exactlythe conflict eliminationdecisionrequiredfor a cachewith two bins.
Hierarchicalreducesconflictsin a cachewith two bins althoughthe treein Figure 6.14is specifically
targetedfor a cachewith eight bins (sincethereare eightleaves). The essenc®f cachesizeindepen-
denceis thatwheneliminatingconflictsin a cachewith morebins, conflictsmustalsobe eliminatedin
smallercaches.
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Figure 6.14. Mapping Tree Nodesto Bins.
This figure showsa relationshipof bin numbersto tree nodesthat allows Hierarchicalto producesizein-

dependeniappings.lt is the bit-reversalof numberingthe nodeswith labelsin increasingorderfrom left
to right.

Bin treeslabeledasin Figure 6.14 are called a Bit-ReversedBin Tree (BRBT). As well asthe
numberof bin bits, the depthof a cacheis the BRBT level with the samenumberof nodesasthereare
binsin the cache. With a BRBT, Hierarchicalimprovesthe static pageplacementin all cacheswith
depthlessthanor equalto the depthof the tree. Hierarchicalmakesthe samechoicesat the upperlev-
elsof the bin treewhetherthe lower levelsof the BRBT arefilled outor not. To maintainsizeindepen-
dence,the lower levels only refine the decisionsmadeat higher levels. The mappingsproducedby
Hierarchical are equivalentwith different tree sizesprovided the choice amongmultiple free page
frameswithin a bin is arbitrary. Appendix A gives a formal proof that Hierarchical producessize
independenimappings.

Theimplementatiorof a BRBT is efficientsincethe treesarefully balancedinarytreesthatcan
berepresentedisinga simplearrayasa heap (asusedby heapsort) [AHHUB85] with only 2B -1 entries
required,indexedfrom 1 to 2B —1. Eachnodeis identifiedby its indexinto the array,thefirst entryis
the root node. The contentof the correspondingarrayentry is the nodevalue. The powerof the heap
representatiois thatthe parentsandchildrenof a nodecaneasilybe found by performingbit shift and
logical operationson the nodeidentifier. The left child of the nodeidentifiedby i is 2i andthe right
child is 2i +1. The parentof nodei is |i/2]. The implementationof theseoperationson a binary
machinecanbe particularlyefficient.

Figure6.15showscodeto implementHierarchical which usesthe decisionheuristicin Figure6.9
andaheaprepresentationf the usedandfree BRBT’s. Hierarchicalrequiresonly twice the memoryof
BestBin. 511nodesperaddresspaceprocesswould berequiredfor the used BRBT of a 4-megabyte
direct-mappedachewith 16-kilobytepages.Similarto BestBin, eachnoderequiredittle storagesince
its valueneednot be exact.

Thoughnot exploredfurtherin this study,BestBin andHierarchicalcould be mergedinto a single
algorithm. This algorithm would combinethe speedof Hierarchicalwith the betterdecisionsof Best
Bin. BestBin couldbe usedto find the bestbin at a certainlevel of the BRBT, thenHierarchicalcould
furthertraversethe sub-treeof the BRBT choserby BestBin. For examplejn a BRBT with 11 levels
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VALUE used[ NUVBER PROCESSES] [2 * NUVBER BI NS] ;
VALUE free[2 * NUVBER BI NS];

BI NTYPE Careful Hierarchical (vp, pid)
VI RTUALPACGE vp;

PI DTYPE pi d;
{
int level;
NCDE_| DENTI FI ER node, |eft_node, right_node;
Bl NTYPE bi n;
| evel = 1;

node = 1; /* root node */

whi | e(l evel < NUMBER_TREE_LEVELS)

{
| eft _node = 2 * node;
right _node = 2 * node + 1;
i f(Choice(used[pid][left_node],
free[l eft_node],
used[ pid][ri ght _node],
free[right _node]) == CHOOSE_LEFT)
node = | eft _node;
el se
node = right_node;
| evel = level + 1;
}

bin = Bit_Reverse(node - NUVBER BINS, NUVBER BIN BITS);

return(bin);

Figure 6.15. Bin Choice Code for Hierarchical.

This figure showsa “C” code fragmentto implementHierarchical. Caref ul _Hi erarchi cal ()

placesthe page vp in abin, giventhe procesqaddresspace)dentifier of the procesgaddresspaceye-
questingthe mapping. The used array containsthe usedbin treefor eachprocessandthe fr ee array
holdsthe systemfree bin tree, eachtreeis storedasa heap. Figure 6.9 definesthe Choi ce() function.
The Bit_Reverse() functionreverseshe bits of its first argument(the secondargumentgives the

numberof reversesyothatthe mappingof binsto leavesmaintainssizeindependence.

(of depth10), BestBin could choosethe bestof the eight sub-treesat level threein the tree.Hierarchi-
cal could thenrefine the decisionmadeby BestBin to level tenin the tree. This examplealgorithm

could be particularlyusefulfor a systemwith hierarchicalcachesf eightand1024bins each;BestBin

would give good mappingsfor the cacheof eight bins, while the mappingswould be sizeindependent

for this configurationbecausédierarchicalwasusedat the bottomof thetree.

6.4. Trace-Driven Simulation Performance Analysis

This sectionanalyzedhe carefulpagemappingalgorithmsdescribedn the previoussectionusing

trace-drivensimulation. Trace-drivensimulation allows the usefulnesf the different careful page

mappingalgorithmsto be measured.This analysisusesthe tracesdescribedn Chapter3. It showsthat

carefulstaticpageplacementmprovesdynamiccacheperformance.
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6.4.1. The Simulator

Previoustrace-drivensimulationresultsanalyzingcacheperformanceassumehat operatingsys-
tem policies arefixed andindependenbf the studiedcaches. This chaptereliminatesthis assumption.
Sincethis sectionexaminedifferentvirtual pageto physicalpageframemappingpolicies,the simula-
tor incorporatesmemory managemenpolicies of the operatingsystemalong with hardwarecache
managemenimplementations. The simulation results exposethe interaction betweenhardwareand
softwaresystemcomponents.

The simulatorimplementsa global least-recently-use(LRU) pagereplacemenpolicy by main-
taining an exactorderingof the pageframesfrom mostrecentlyusedto leastrecentlyused(an LRU
list). (It doesnot placepagesn the pool whena processxits, only whenthey areleast-recently-used.)
The simulatormapsa virtual pageto a correspondingpageframe at the point whenthe pageis first
referenceddemandioading). ThoughexactLRU may be infeasibleto implementin practice,it is a
replacemenpolicy with desirablepropertieghatis feasibleto implementin a simulationenvironment.
The pageframeat the bottom of the LRU list, the leastrecentlyusedone,would normally be the best
candidatepageframefor replacement.Ratherthanrequiringthatthe simulatorchoosethe last pageon
the LRU list for mapping,the careful pagemappingpolicies havethe freedomto chooseamongthe
pageframesnearthe bottomof the LRU list. Thatis, the pool of availablepageframesconsistsof the
framesat the bottomof the LRU list. Figure6.16showsthis. The sizeof the availablepageframepool
is constantthroughoutthe simulationsof this chapter,evenat the beginningof a simulationwhenthe
entire main memoryis unmapped. The default pool size is 4-megabytef the 128-megabytemain
memory in 16-kilobyte pages. The default main memory size is large enoughthat the simulation
requiredno processwappingandthe staticprocesschedulingon eachtraceis used.

FreePageFramePool
ke N
N 7]
—> —> —> —>
Most RecentlyUsed LeastRecentlyUsed

Figure6.16. LRU List Implementation With Available Page Frames.

This figure showsthe global LRU list of pageframesandthe free pageframe pool. The simulatormain-
tainsan exactlist of pageframesfrom mostrecentlyusedto leastrecentlyusedduring real-indexedcache
simulations. Whenit mapsa virtual pageto a pageframe,the bottompageframeson the list areavailable
for mapping.

Beforestartingeachreal-indexecdcachesimulation,the simulatorinitializes the LRU list in a dif-
ferentrandomorder. This modelsa systemthat doesnot differentiateamongits pageframesandhas
beenexecutingfor sometime; eventuallypageframesarenot in any significantorder. Given this ran-
domordering,the mappingalgorithmshavea randomsamplingof pageframesavailablefor mappingat
the beginningof a simulation. As executioncontinuesthe memoryreferencepatternof the tracesand
the previousmappingdecisionsdeterminghe availablepageframes.
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6.4.2. Results

6.4.2.1. The Usefulness of Careful Page M apping

This sectioncomparesHierarchicalmappingto random mapping becauseHierarchical’s size-
independenceeducessimulationtime, and becauseHierarchicalperformswell comparedo the other
careful mapping schemesn Section6.4.2.3. For 1-megabyte(top), 4-megabyte,and 16-megabyte
cachegqbottom),figure 6.17 plots 100 million instructionaverage®f the Mult2.2 missegperinstruction
(MP1) for four differentsimulations,eachwith a differentvirtual to real pagemapping. The cacheper-
formanceis different becauseeachsimulation hasa different pool of availablepageframes,so each
simulationplacesthe samepagesn different pageframes,andconsequentlylifferentcachebins. Note
thatrandommappingdoes not imply randompagereplacementit meanghatthe simulationplacesthe
pagein the pageframeat the bottomof the LRU list. Thus,the simulatorplacesthe pagein arandom
(arbitrary)bin, dependingnly onthe pageframenumberat the bottomof the LRU list.

Figure 6.17 shows,for the Mult2.2 trace, that the careful (Hierarchical) mappingshave con-
sistentlylower MPI thanrandom(sincethe solid lines are usually below the dottedlines). This shows
that the static pageplacemenimprovementof carefulmappingreducedynamiccachemissesfor this
trace. Over most of the trace,the carefulmappingMPI’s are only a few percentbetterthanrandom.
But in additionto this smallandconstanimprovementthereareburstsof cachemissesrom poorran-
dompagemappingthatoccasionallydoubleor triple the MPI for the 1L00 million instructioninterval€’.
Theseburstsincreaseahe meanimprovemenof carefulmappingwell beyondonly afew percent.

To geta betterideaof the quantitativedynamiccacheperformancémprovementf carefulmap-
ping, the averagecacheMPI whenusingrandomandHierarchicalmappingshouldbe determined.To
do this, the resultsfrom multiple simulation runs that use different page mappingswere averaged.
While the MPI of one simulationis an unbiasedestimateof the true meanMPI, Figure 6.17 suggests
thatthe MPI resultsfrom simulationscansubstantiallyary, soit is hardto sayhow closeone simula-
tion resultis to thetruemeanMPI. After runningfour simulations mostof thefour-sampleneanswere
found to be accurate(with 90% confidence)within a few percent,so no more simulationswere run.
Fortunately,eachtracewaslong enoughso that the individual simulationsaveragedut much of the
variancein cacheperformanceandtoo manylong-tracesimulationswerenot neededwhich is impor-
tant since each simulation takesdays). With shortertraces,many more sampleswould have been
requiredfor the samestatisticalsignificance. AppendixB is providedfor thosewho wish to checkthe
statistical significanceof the results. This is particularly important given that the samplesize is so
small. This dissertatiorchapterusesthe four-samplemeango quantitativelyevaluateheimprovement
of careful mapping for 1-megabyte,4-megabyte,and 16-megabytesecondarycacheswith direct-
mapped2-way,and4-way set-associativity.

Figure 6.18 showsthe direct-mappedierarchicalmiss reductions. The Hierarchicalreductions
aretherelativeamountthatthe four-samplemeanHierarchicalMPI is lower thanthe four-samplemean
randommappingMPI. Thefigure showsthatcarefulpagemappingis usefulfor a variety of workloads.
Carefulmappingseliminate up to 55% of the direct-mappedachemissesfrom randommapping. On

27. Note that someburstsappeaiin the randommappingsof both the 1-megabyteand 4-megabytecache
simulations. This occurssincethe simulationsof different cachesizesare of the samevirtual to real page
mapping.andtheresultsarecorrelated. Theresultsfor eachindividual cachearenot correlatedhowever.
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Figure 6.17. Mult2.2 Resultsfor Different Page M appings.

This figure showsthe MPI effectof four differentvirtual to realmappingsgeneratedy Hierarchical(solid
lines) and generatedandomly (dotted lines) on the missesof three real-indexedsecondarycaches. It
showsthe averageMPI for the previous100million instructionsof the Mult2.2 tracefor 1-megabytdtop),
4-megabytdmiddle),and16-megabytébottom)secondandirect-mappedaches.Note thatthe scalesare
differentfor eachgraph.

the averageover all the traces,careful mapping eliminatesabout 10-20% of the random-mapping
direct-mappedachemisses.A similar look at theresultsfor the otherassociativitiesuggestshatcare-
ful mapping eliminates about 4-10% of the missesin a 2-way set-associativeeachewith random
replacementand about2-5% of the missesin a 4-way set-associativeachewith randomreplacement
(on average). (The Hierarchicalreductionsfor the higher associativitiesare given in Appendix B.)

Theseresultsverify that the largestgain from carefulmappingcomeswith a direct-mappedache,as
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predictedoy the simplestaticanalysisof Section6.2.2. Higher set-associativitiesanmoreeasilyelim-

inate contentionwithout static placemenimprovementsecausehey spreadcontendingblocks across
the cacheblock framesin a set. Static improvementsthat avoid contentionare more valuablewith

direct-mappingbecausedirect-mappedcachescannot eliminate contentionfor the sameset (block

frame).

Hierarchical Reduction for Direct-Mapped Caches
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Figure 6.18. Direct-Mapped Hierarchical Miss Reductionsfor All Traces.

This figure shows,for different direct-mappedsecondarycachesand traces,the Hierarchicalreduction,
which is the fraction of the missesproducedirom randommappingthatthe carefulmappingof Hierarchi-
cal eliminated.

Thedirect-mappedHierarchicalmissreductionis positivein all casesexceptoncewith Lin, where
the MPI slightly increaseswith careful mapping. The multiprogrammedrace behaviorsare similar,
exceptfor Multl.2, where one bad page placementin one simulation biasedthe resultsand cut the
direct-mappedierarchicalreductionin abouthalf (for the 1-megabyteand4-megabytecaches).Care-
ful mappingdoesn’thelp Tv much becausemost of its missesoccur while it traversesa large data
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structurewith little locality; careful mappingdoesnot eliminate many missesduring this traversal
becausa¢he memorylocationstendto be randomlyaccessedandthe Tv addresspaceis too largefor
the static placemenimprovementgo eliminatemuchcontention. (Figure 6.5 showshow thereis little
roomfor staticmappingimprovementsvhenthe activeaddresspacesizeis largerelativeto the cache
size.) Theimprovementf both SorandLin relatecloselyto the benefitsof associativity.Thereis lit-
tle (or no) careful mapping(associativity)improvementwith the 1-megabytecache,but careful map-
ping (associativity)improvesperformancegreatly for the 16-megabytecachebecausesomearraysfit
fully in the cache. Careful mappingalso getsmuch of the associativitybenefitswith Tree, averaging
abouta 30% missreduction. Thoughtheresultsin Figure6.18vary for differenttracesmostof therest
of this chapterexaminedMult2.2 in detail becausef its “average” behavior;the Mult2.2 Hierarchical
reductionsarecloseto theaveragesor all thetraces.

Figure 6.19 showsthe Mult2.2 resultsin anothergraphicalway to put the carefulmappingmiss
reductionin its properperspective.By interpolatingbetweenthe simulationresultsfor differentcache
sizesandassociativitiesjt estimateshe effect of softwarecarefulmappingrelativeto hardwarecache
designchanges.Thedashedine in theleft graphfindsthe equivalentassociativitychangeof Hierarchi-
calwith a1-megabytalirect-mappedaache. Carefulmappingeliminatesmorethanhalf the missesof a
random-mappin@ssociativityincreaseijt is aboutequivalentto an associativityincreasefrom direct-
mappedo 1.6-waywith Mult2.2. For a direct-mappedache the dashedine in the right graphcom-
paresthe carefulmappingmissreduction(with a 1-megabytecache)to the reductionfrom a randomly-
mappedcachesizeincrease.Carefulmappingalso eliminatesa large portion of the misseseliminated
by a direct-mappedtachesize doubling; it makesa 1-megabytadirect-mappedacheact aboutlike a
1.7-megabytelirect-mappedachefor Mult2.2.

Most importantly, careful pagemappingreducesmeanMPI (acrossdifferent pagemappings)by
avoidingpoor pagemappings. Also, a secondarilyusefultrait of carefulmappingis a reductionin the
MPI variancefor different runs of a trace. Variancein cachebehavioris undesirablebecauseit
increaseshe executiontime varianceof aworkload. Figure6.17 showsthatthe Mult2.2 mappinggpro-
ducedcarefully havelessMPI variationsthanthe randommappingsbecauseall of the solid (Hierarchi-
cal) linesaremuchclosertogetherthanthe dotted(random)lines. The differentcarefulmappingsimu-
lationstendto follow an outline that the workloaddictates,but the randommappingsimulationsshow
the burststhat are causedoy randomcontentionfor cachelocations. Poorrandommappingsinto the
cachenottheworkloadreferenceshemself,causemanyof the randommappingmisses.

Although careful mappingseliminate much of the variancein cacheperformancethey don't
removeall of it. In morerarecircumstancethanwith random,a carefulmappingimplementatioralso
decidespoorly. Figure6.20showssimulationresultsof mappinggproducedandomlyandby Hierarch-
ical for the Multl1.2 trace. The one Hierarchicalmapping(a solid line) shownin Figure 6.20 caused
considerablymore cachemissesover the first half of Mult1.2, but its missesreturnednearthat of the
otherHierarchicalsimulationsfor the secondhalf of thetrace. This is the badsimulationthatbiasedthe
Hierarchicalreductionof Mult1.2.

Baddecisionmearthe startof the tracecausednorecontentionoverthe phaseof executionof the
procesghat referencedhe poorly mappedpages. Oncethis phasecompleted the poor mappingdeci-
sionsno longeraffectedthe cachemisses. This emphasizeshe importanceof the pagemappingfunc-
tion choosinga “good” mapping. Thoughthe pagemay only be mappedonce,the costof a poormap-
ping canoccuron everyreferencdo the page.
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This figure showsthe (mean)Mult2.2 simulationdatafrom AppendixB. The missesperthousandnstruc-
tionsis plottedversusthe cacheassociativityandsizefor random(dotted)pagemappingsandHierarchical
(solid) pagemappings. The left graphshowsMPI versusassociativityfor the different cachesizes. The
right graphshowsMPI versuscachesize for different associativitiegsquare= direct-mappedtriangle =
2-way,andcircle = 4-way)
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Figure 6.20. Mult1.2 Resultsfor Different Page M appings.

This figure showsthe MPI effect of threedifferent virtual to real mappingsgeneratedandomly (dotted
lines)andby Hierarchical(solid lines)onthe MPI of areal-indexedsecondarcache. It showstheaverage
MPI for the previous100million instructionsof the Mult1.2 tracefor 1-megabytalirect-mappedache.

Thefour-sampleresultsfor all the tracesverify that carefulmappingreduceshe MPI variancefor
anumberof workload$®. WhenHierarchicaleliminatesthe mostmissesijt alsotendsto eliminatethe

28. Appendix B indirectly gives the MPI varianceof the four simulationsbecausethe widths of the
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mostvariance. Thisisn’t surprisingsincemostof the MPI reductioncomesfrom eliminating burstsof
misses;theseburstsincreaseboth the meanand varianceof the MPI acrossdifferent simulationruns.
Hierarchicalhasa lower MPI variancethanrandommappingin eighteenout of the twenty-fourdirect-
mappedcases,hineteenout of the twenty-four 2-way set-associativeases,and twenty out of the
twenty-four 4-way set-associativeases. Exceptfor oncewith Tree,only Multl.2, Tv, and Sor have
Hierarchicalvarianceghatarelargerthanthe randomMPI variances.For Multl.2, onebadHierarchi-
cal pageplacementn onesimulationcauseshe occasionallyhigherfour-sampleMult1.2 variance. For
Tv, the Hierarchicalvarianceis occasionallyhigherfor the samereasonthatthe Tv Hierarchicalreduc-
tion is not very good: Hierarchicalcouldn't help Tv’s cacheperformancemuch becauseTv’'s active
addressspacels muchlargerthanthe cache. For Sor, the varianceis slightly higherwith someof the
smaller secondarycachesbecauseHierarchical couldn’t fit some of the Sor arraysinto the cache.
Hierarchicaleliminatesalot of varianceoverall the tracesandcacheconfigurations.With fourteenout
of the twenty-four direct-mappedtachesthe randommappingfour-samplevarianceis more thanfive
times larger than Hierarchical. This suggestghat Hierarchicalwill yield more predictableexecution
timesthanrandommapping.

6.4.2.2. Static Page Conflict Minimization

To understananorefully the causesf the MPI improvementirom carefulmapping,Figure6.21
showsthe differencesn the numberof pageconflicts(within singleaddresspacesproducedandomly
andby Hierarchicalfor Mult2.2. Eachpoint showsthe mappingconflicts (C — C,) from the address
spaceof one processin the Mult2.2 tracefor a 1-megabytedirect-mappectache. The Mult2.2 trace
containsthe executionof hundredsof processegsincemany of themcompleted),so manypointswere
available. The squares,the sampledvalues producedby a random mapping, follow closely the
predictedoutline shownin Figure6.5, validatingthe accuracyof the simpleconflict model.

The sampledvaluesclearly show that Hierarchicalwas successfulin reducingthe number of
conflicts in each mapping below that from random mappings. Not a single addressspacehad an
unnecessargonflict from the Hierarchicalmapping. This is largely becauseof the numberof pages
available(in the free pageframepool) whenthe simulatormapseachpage 4-megabytesvorth. Onthe
averagetherewerefour pagesavailablefor mappingin eachbin of the 1-megabytecache. Theseextra
pagesallowedHierarchicalenoughfreedomto obtainperfectconflict reductionin this cache.

While Hierarchicaleliminatedall unnecessargonflictsin the 1-megabytecache someremained
in the 16-megabyteache. The average).25pagesavailablein eachl6-megabytdin is not enoughfor
complete eradication of the unnecessaryconflicts, though Hierarchical removes most of them,
significantlyimproving cacheperformance.

Figure 6.22 establisheshe positive relationshipbetweenthe conflicts eliminatedby Hierarchical
andthe correspondingnissreduction. It showsthe Hierarchicalreductionfor only the Mult2.2 address
spaceghat were of size 0.5-megabytdo 1.0-megabytethis isolatesthe effectsof conflicts on the 58
addressspaceswithin a small sizerange. The MPI of an addressspaceis the MPI of the instructions
that use the addressspace;this includes intra-address-spacend inter-address-spaceonflict com-
ponents. Figure 6.22 isolatesthe relationshipbetweenthe static conflicts that Hierarchicaleliminates

confidencentervalsaredirectly proportionalto the standarddeviation. The standarddeviationis the square
root of thevariance.
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Figure 6.21. Conflictsfor Mult2.2.
This figure showsthe numberof pageconflicts (16-kilobyte pages)in a 1-megabytedirect-mappedtache

(N =64, 128-megabytenain memory)for variousprocessefrom the Mult2.2 tracefor a randommapping
(squarespnda mappingusingHierarchical(triangles).

from anaddresspaceandthe amountthat Hierarchicalreduceshe MPI of the addresspace. It com-
paresthe MPI of anaddresspacewith randompagemappingto the MPI of the exactsamereferences
to the exact sameaddressspace,only with Hierarchical used rather than Random page mapping.
Although the figure showsHierarchicalreductionsfor many different addressspaceswith different
static conflictsin each,ratherthana single addresspacewith different static conflicts, the resultsfor
the 58 similar addressspacesshould estimatethe average relationshipbetweenstatic conflicts and
dynamiccacheperformance.

Eachsquarein Figure 6.22 showsthe averagemiss reductionfor thoseaddressspaceswith a a
fixed numberof conflicts. Note thatmostof the missreductionsarelargerthanzero. This verifiesthat
carefulpagemappingreducesacheMPI becausét eliminatesconflictsandimprovescacheutilization.
The slopeof the best-fitline is furtherevidenceof the positiverelationshipbetweernconflict elimination
andmissreduction. Thoughcarefulmappingalwayseliminatesconflicts, severaladdresspaceswith
few conflictshada slightly higherMPI with carefulmapping. This is causeddy randominter-address-
spaceconflicts;theseconflictsaremoreseverewith carefulpagemappingthanwithout it becauseach
carefully-mappedaddressspacemore fully utilizes the cache. On the averagewhen carefulmapping
eliminatesmoreconflicts,it eliminatesmore cachemisses. Together Figure6.21andFigure6.22 sup-
port a key hypothesisof this chapter:techniqueghat eliminate static pageconflictsin a real-indexed
cachealsoimprovedynamiccacheperformance.
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Figure 6.22. Hierarchical Reduction vs. Conflicts Eliminated.

Forthe58 Mult2.2 addresspace®f size0.5-megabyteo 1.0-megabytethis figure showsthe Hierarchical
reductionversusthe numberof staticconflictsthatHierarchicaleliminates(in a 1-megabytalirect-mapped
cache,16-kilobyte pages). Eachsquareis the averageHierarchicalreductionof the addresspacesat the
givennumberof unnecessargtaticconflicts. The dashedine is theleast-squarebest-fitfor all 58 address
spaces.

6.4.2.3. Careful Mapping Alternatives

This sectioncompareghe algorithmsfrom Section6.3 usingthe Mult2.2 trace. The size of the
availablepageframe pool hasanimportantaffect on the comparison.The carefulmappingimplemen-
tationsthat can eliminate the most misseswith the leastavailable pageframesare preferredbecause
theywill be mostadaptableandhavethe minimum (or no) pagereplacemengffect. For the Hierarchi-
cal resultsgivensofar in this chapter the pool is 4-megabytes As an experimento learnthe pool size
effect, Table 6.2 comparesthe 4-megabytedirect-mappedMult2.2 MPI of the different algorithms
(four-samplemean)with a 4-megabyteool of availablepageslarge)anda 256-kilobytepool (small).
(Exceptfor PageColoringandrandommapping,mostof theresultsin this tableareaccuratdo within +
0.02o0r lesswith 90% confidence.)On the averageaherewasoneavailablepageframein eachbin with
thelargepool,and0.0625availablepageframesin eachbin with the 256-kilobytepool.

Equality PageColoring performspoorly in the Mult2.2 comparisonpresentedn Table 6.2. Its
particularly high meanMPI for the small pool comesfrom the exceptionallyhigh MPI of two (out of
the four) simulations. The MPI varianceof thesefour simulationsis over an orderof magnitudearger
than thosefor the other careful mappingalgorithms. This is a symptomof the basic problem with
equality pagecoloring: the placemenbf commonlyusedvirtual pagesrom differentaddresspacesn
the samecachebins often leadsto many unnecessargachemisses. Becauseof this problem,MIPS
probably doesnot use the strict equality match Page Coloring simulatedhere. The PageColoring
implementationwith PID-hashedmatchingperformsmuch betterfor Mult2.2 since the samevirtual
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Secondary Cache MPI x1000(Mult2.2)

Heuristic LargePool | SmallPool
Random 0.71(19%) | 0.71(8%)
PageColoring(equal) | 0.69(15%) | 0.85(30%)
PageColoring(hash) | 0.64(8%) | 0.71(7%)

Bin Hopping 0.60(0%) | 0.67(1%)
BestBin 0.60(0%) | 0.61(-8%)
Hierarchical 0.60(0%) | 0.66(0%)

Table 6.2. Careful Mapping Comparison.

This table comparegesultsof the different mappingalgorithmsoutlinedin Section6.3 for different page
frame pool sizesfor the Mult2.2 trace. It showsthe four-samplemeanMPI for 4-megabyte®f available
pageframes(Large Pool) and 256-kilobytesof availablepageframes(SmallPool). In parenthesest also
givesthe relative differencefrom the Hierarchicalresultsfor eachpool size. The resultsshownarefor a
4-megabytalirect-mappedache.

addressedo not conflict, yet it still performspoorly comparedo the other carefulmappingschemes.
The limited flexibility of the PageColoring implementationis the causeof this poor performanceif
PageColoring doesnot find an availablepageframein the matchingbin, it abandonghe searchand
choosesny arbitrarypageframe. With the small pool, anexactmatchis unlikely (probability 0.0625).
Theothercarefulmappingschemesremoreadaptabldo situationswith few availablepageframes.

As expectedBestBin producessuperiormaps(onesthatgive alower MPI) in thesesimulations,
whetherthereis a small or large pool of availablepageframes. A smallerpool doesn'tsignificantly
effect BestBin, but it doescausethe four simulationswith the other algorithmsto have more cache
misses. With the 4-megabytepool of availablepageframesin Table 6.2, Bin Hopping,BestBin, and
Hierarchicalperform nearly equivalently. Each of them finds it easyto eliminate cachecontention
whenthereis oneavailablepageframein eachbin on average.With 0.0625availablepageframesper
bin, BestBin eliminatesthe most misses. This showsthat Best Bin is the mostflexible acrossboth
large and pool sizes,andthat it improvesMult2.2 cacheperformancevith the smallestpagereplace-
menteffect. About oneavailablepageframe perbin may be a goodtargetpool sizesinceit givesthe
carefulmappingalgorithmssufficient flexibility, but is small enoughto havelittle effecton the page
replacemenpolicy.

Table6.3 compareshe Mult2.2 cacheperformancef the differentcarefulmappingsfor a variety
of caches.The pool of availablepageframesis 4-megabytesIn Bold, Table 6.3 showsthe cachedor
which PageColoring, Bin Hopping,andBestBin specificallyproducecdtheir mappings. Becausehey
are not size-independentthese algorithms only optimize their page mappingsfor the 4-megabyte
direct-mappedand 16-megabytet-way set-associativeaches. The sizeindependencef Hierarchical
implies thatits mappingsare optimizedfor the entirerangeof cachesso someentriesin Table6.3 are
an“unfair’ comparison.Hierarchicalperformedbetterthanthe othercarefulmappingschemegor the
non-optimizedcaches.Theseresultsshowthe usefulnessf sizeindependenmappings.

6.4.2.4. DoesPID-Hashed Virtual-Indexing Approximate Real-1ndexing?

Thesimulationtime neededo obtainvirtual-indexedsimulationMPI resultsis muchlessthanthe
time neededfor real-indexedresults. Real-indexedcacheMPI estimatesare more difficult to obtain,
both becausevirtual to real addresstranslation increasessimulation time, and becausemultiple
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Secondary Cache MPIx1000(Mult2.2)
sﬁgnﬂgA P?g:ﬁg:ﬁc)ng P?gfgﬁ!g;]r;g Bin Hopping BestBin Hierarchical
1 1.37(15%) 1.32(11%) 1.33(12%) | 1.38(16%) 1.19(0%)
1M 2 1.03( 5%) 1.02( 4%) 1.00( 2%) 1.03(5%) 0.98(0%)
4 0.94( 2%) 0.94( 2%) 0.94( 1%) 0.95(2%) 0.93(0%)
1 0.69 (15%) 0.64 ( 8%) 0.60 ( 0%) 0.60 ( 0%) 0.60 (0%)
4M 2 0.53(3%) 0.53(3%) 0.52( 1%) 0.52(2%) 0.51(0%)
4 0.50( 2%) 0.50( 2%) 0.50( 0%) 0.50( 1%) 0.49(0%)
1 0.31(12%) 0.31(10%) 0.30( 6%) 0.29( 4%) 0.28(0%)
16M 2 0.25(9%) 0.25( 7%) 0.24( 4%) 0.24(2%) 0.23(0%)
4 0.24 (6%) 0.23 (4%) 0.23 (2%) 0.22 (0%) 0.22 (0%)

Table 6.3. Performance of Mapping Schemes for Mult2.2.

This table compareghe cacheperformanceof mappingsproducedby the careful mappingalgorithmsfor
the Mult2.2 trace. It givesthe MPI resulting from each schemein absolutevalue and relative to the
HierarchicalMPI results(in parenthesedpr eachcache. PageColoring, Bin Hopping,and BestBin op-
timizedtheir pagemappingdor the 4-megabytalirect-mappedacheandthe 16-megabytel-way associa-
tive cache. Thetableshowsthesecachesn bold.

simulationsare requiredto removethe randomnes®f different pagemappings. If virtually-indexed
cacheMPI resultscould be usedasanapproximationof real-indexednes therequiredsimulationtime

could be greatly reduced. Figure 6.23 compareghe MPI of real-indexedand virtual-indexedcaches.
The figure usescarefulmappingfor the real-indexedesultsand PID-hashingfor the virtually-indexed
results. Of course the resultsare heavily dependenbn the form of PID-hashingused. The simulator
bitwise exclusive-orghe eightbit PID with the high-ordereight bits from the indexfield of the virtual

addresgo choosethe cacheset (seeFigure 6.1 for the definition of the set-indexfield). Figure 6.23

showstheratio of virtually-indexedMPI to real-indexedVPI.

Figure 6.23 showsthat PID-hashedvirtual indexing gives a lower MPI estimatethan physical
indexing (becauseall the ratios are lessthan 1.0). Sincesequentialvirtual pagesdo not conflictin a
virtually-indexedcachethe MPI is smaller. Simulationresultsfor PID-hashediirtually-indexedcaches
consistentlyunderestimatéhe carefully-mappedeal-indexedMPI, butin overhalf of the caseghe esti-
mationerroris 10% or less. PID-hashed/irtually-indexedcacheresultsare a strongly-optimisticesti-
mateof real-indexedtacheperformancevith randompagemapping,however.

Anotherimportantfactorin the approximationof real-indexeccacheswith virtual-indexedcaches
is the accuracyin predictingrelative MPI changes.Oneimportantrelative variationis the fraction of
missesthat an associativityincreaseeliminates. Figure 6.24 plots, for virtually-indexedand carefully
mappedeal-indexedcachesthe missreductionof doublingassociativityfrom direct-mappedo 2-way.
The comparisorshowsthat virtually-indexedcacheslsoconsistentlyunderestimatéhis relativereduc-
tion, thoughaswith the absolutevalue, often by only a smallamount. This occursfor the samereason
that virtual-indexing underestimatedhe absolutevalue: thereis less direct-mappedcontentionwith
virtual-indexingbecausesequentiabddressedo not conflict. Thoughcarefulmappinghassomecon-
tentionreductionadvantagesf virtual-indexing,virtual-indexingstill giveslower missfrequencies.
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Figure 6.23. Virtual and Real Indexing Comparison.

This figure shows for different direct-mappedecondarcachesandtracesthe missfrequenciegproduced
by virtual indexing(with PID-hashing)elativeto that producedby real-indexedcachegqfrom Hierarchical

mappings).

6.4.2.5. Page Size Performance Effects

The pagesizeaffectsthe comparisorbetweerrandomandcarefulmappings. Table 6.4 showsthe
Mult2.2 cacheMPI for different pagesizes. It showsthat the randommappingMPI decreaseslightly
with increasingpagesize. A combinationof factorscould producethis effect. Thefirst is thatsequen-
tial addressewill not conflict with largerpages.Also, therearefewerpageframesin eachbin, soit is
lesslikely that manypageswill be mappedo the samebin. With carefulmapping,cacheperformance
is largelyindependenof the pagesize. Hierarchicalreducedcontentiorwith all threepagesizes.

A disadvantagef biggerpagesizesis the largeramountof main memoryusedby an application
becauseof internal fragmentation. Someportionsof large pagesare not referenced¢houghan entire
pagemustbe mapped. Table 6.5 showsthe pagemissesand amountof memoryusedby the Mult2.2
traceversusthe pagesize. The memoryusages the numberof uniquereferencegagegimesthe page
size. The referencedmemory nearly doubles as the page size increasesfrom 4-kilobytes to 64-
kilobytes.
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Miss Reduction for Doubling Associativity (Direct-Mapped to 2-way)
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Figure 6.24. Virtual and Real I ndexing Associativity | mprovement.

This figure shows for different direct-mappedachesizesandtracesthe reductionin misseshy doubling
the associativityfrom direct-mappedo 2-way for virtual-indexedcaches(with PID-hashing)and real-
indexedcachegqwith Hierarchicalmappings).

6.4.2.6. The Effect of Main Memory Contention

As anexperimento understandhe effectof main memorycontentionon cacheperformancend
carefulmappingalgorithms,the executionof the Mult2.2 tracewassimulatedon a systemwith a main
memorysize of 32-megabytes.This experimentaldesigncreatedmain memory contentionsincethe
Mult2.2 workload had about40-megabytesctive at any given time, more than the 32-megabyte®f
main memory. Randommappingscouldthenbe comparedo carefulmappingsundertheseconditions.
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Secondary Cache MPIx1000(Mult2.2)

Config Random Hierarchical
Size Assoc. | 4K 16K 64K 4K 16K 64K

1 1.49 1.50 136 | 1.18 1.19 1.19

1M 2 1.05 1.05 1.02 | 0.97 0.98 0.99

4 0.96 096 094 | 0.92 0.93 0.93

1 0.70 0.71 0.66 | 0.59 0.60 0.60

4M 2 054 054 053 | 051 0.51 0.51

4 0.51 0.51 0.50 | 0.49 0.49 0.49

1 0.33 033 032 0.28 0.28 0.28

16M 2 0.25 025 0.25]| 0.23 0.23 0.23
4 024 024 024 0.22 0.22 0.22

Table 6.4. Cache Misses vs. Page Size.

This table shows,for various cachesizes and associativities Randomand Hierarchical mappedreal-
indexedcachemissfrequenciedor pagesizesof 4-kilobytes,16-kilobytes,and64-kilobytes.

Memory Referenced (Mult2.2)
PageSize PageMisses Memory(megabytes

4K 22651 92.8
16K 7471 122.4
64K 2428 159.1

Table 6.5. Memory Referenced vs. Page Size.
This tableshows for the Mult2.2 trace,the numberof pagemissesandthe memoryreferencedcalculated
by multiplying the numberof pagemissegimesthe pagesize)for pagesizesof 4-kilobytes,16-kilobytes,
and64-kilobyteswith a 128-megabytenainmemory.

Using statictracesof multiprogrammedvorkloads tracedriven simulationresultscanbe inaccu-
ratewith memorycontention. The statically orderedtracesrepresent processexecutionorderingthat
is unaffectedby systemload control policies[DENN80]. Load controlpoliciesdecidethe processethat
executeat any giventime. Whenmain memorydemands high, overall systemperformancemight be
improvedby delaying executionof someprocesseso that main memory demanddecreasesProper
load controlpoliciescaneliminatethe thrashing problem[DENNG8] of poorsystemperformanceaused
by the overcommitmenbf mainmemory.

Another potentialinaccuracyof static tracesis that the simulationsdo not model the effects of
write-backsand retrievals of pagesbetweenmain memory and secondarystorage. The simulator
ignoresany secondarystorageaccessesequiredto supportpageplacementor replacement.This is
equivalentto the assumptiorof an infinitely fastsecondarystorage. A slow secondarystoragedevice
could greatly alter the processexecutioninterleaving. The assumptiorshouldnot biasthe resultstoo
much since cacheperformance not main memory and secondarystorageperformancejs the major
interestin this study.

Table 6.7 showsthe resultsof the memorycontentionexperiment. Note that the pagemiss fre-
guenciesareunrealisticallyhigh becaus®f cold start. Theresultsshowthattherearemorepagemisses
with decreasingnainmemorysizebecaus®f main memorycontention. While the experimenteduced
memory size (to 32-megabytes)ijt did not reducethe size of the available page frame pool (4-
megabytes).The experimentusedthis large pool to gaugethe effect of a largeavailablepool on LRU
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pagereplacementlecisions. Table6.7 showsthatwhile HierarchicalreducedMPI with or without con-
tention, thereareslightly more pagemisseswith contention. This suggestshatthe pool causedoorer
pagereplacementecisionsbecausdt was a relatively large portion of the main memory. The 4-
megabytepool was probablytoo large given that the main memory was only 32-megabytesn this
experiment. The optimal pool size dependsn the balancebetweenmprovedcacheefficiencyandthe
costsof any poorerpagereplacementecisions. With higher pagefault costs,a smallerpageframe
poolwould be preferred. Likewise,alargerpool is morebeneficialwith lower costs.

Memory Size Effect

Memory Size Mapping | SecondanMPI x1000 | PageFaultsPer10P Inst.
128M Random 1.50 2.00
Hierarchical 1.19 2.00
Random 1.42 2.69
32M Hierarchical 1.21 2.73

Table6.7. Cache and Page Missesfor Memory Contention.

This table comparesMult2.2 1-megabytedirect-mappedsimulationresultsfor large (128-megabytepand
small (32-megabytejnainmemories. This experimenshowsresultsfor RandomMappingsandHierarchi-
cal Mappings(4-megabytevailablepagepool). Thetableshowssecondarycachemissegerthousandn-
structionsandpagemissedfaults) per million instructions.

With Randompagemapping,the MPI decreaseslightly with the smallermain memory. This is
similar to the MPI reductionwith largerpagesand may occurbecausaherearefewer pageframesin
eachbin, makingit lesslikely thatmanypagedrom the sameaddresspacemapto the samebin.

6.5. Discussion

It is importantto comparethe algorithmsto seehow well they meettheir goals. Section6.4
showsthatimplementation®f carefulmappingreducethe meancacheMPI andits variance. Thoseare
the mostessentiatequirement®f a carefulmappingscheme.lt alsoshowsthat, for Mult2.2, BestBin
eliminatesthe mostcachemisseswith the smallestpool of availablepageframes. This is a usefulpro-
perty. It saysthatBestBin is the mostadaptableandhasthe smallestpagereplacemenpolicy effect of
any carefulmappingscheme.Anotherimportantgoal is that carefulmappingshouldbe low overhead,
bothin termsof requiredstoragespaceand executiontime. PageColoring andBin Hoppinghavethe
lowest spaceoverhead,and PageColoring hasthe smallestexecutiontime overhead. Best Bin and
Hierarchicalhavemorespaceoverhead.BestBin’s executiontime canbetoo large;if it requiresonly a
few instructionsper bin (on average)andtherearethousand®f bins,BestBin couldtakethousand®f
instructions. Hierarchical’'sexecutiontime is low: a couplehundredinstructionsshouldtraversea tree
with thousand®f bins. Also, Hierarchicalis the only carefulmappingalgorithmfrom this dissertation
thatis sizeindependent.Sizeindependenceanbe a dominantconcerrwith a hierarchyof real-indexed
caches.

The careful mappingimplementationshould adaptto the featuresof virtual memory systems,
including sharingamongdifferentaddresspaces.Staticpageplacemenbptimizationbecomegompli-
catedwhendifferentaddresspacesharethe samepagebecauseharedpagescan causecontentionin
all addresspacesaccessinghe pageframe. A carefulpagemappingfunction shouldadaptto sharing
amongdifferentaddresspaces.It shouldpreferablymapthe pageto a pageframethat minimizesthe
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contentionin all addresspacesharingthe page. As describedn Section6.3, noneof the carefulmap-
ping implementationsccountfor sharing.

Bin Hopping may not adaptwell to sharingbecauseét optimizesfor one addresspaceand may
causeconflictsin another. The problemis thatBin Hoppingremember®nly the last placementwithin
asingleaddresspaceandusesonly this informationto placethe nextpage. Thus,Bin Hoppingmaps
a pageto improvethe bin utilization of a single addresspacewhich may or may not improvethe bin
utilization of the otheraddresspacesccessing sharedage.

The strict equalitymatchimplementatiorof PageColoring adaptswvell to sharingwhenthe shared
pagesareat the samevirtual addressn all addresspace$ecauséhe preferrecbin for avirtual pageis
the samefor eachaddressspace. More sophisticatedversionsof PageColoring, such as the PID-
hashingimplementationconsideredn this study, may not adaptfor the samereasorthat Bin Hopping
will not: the mappedbin dependon the PID usedto mapthe page. A PageColoring implementation
that, instead,maintainsan offset for eachshareablaunit (a collection of pagessuchasa sharedcode
segment)could betteradaptto sharing[TADF90]. Then,all addresspacesnap pagessimilarly since
eachaddresspacesharinga pageuseshe samebin offset.

With the BestBin and Hierarchicalcarefulmappingimplementationsthe used stateinformation
shouldbe maintainedper shareableinit to betteradaptto sharing. The used stateof anaddresspaces
thenthe sumof the used statesof eachshareableunit referencedvithin the addreSSpacég. Mapping
decisionsfor sharedpageswill still be optimizedonly with respectto the addressspacemappingthe
page. However,BestBin andHierarchicalwould still adaptto sharingbecausell subsequentapping
decisions(of all addressspacesreferencingthe page)adjustto the positioning of the sharedpage
throughthe updatedused state. Note that the summationof used statefor multiple shareablaunits can
makethe mappingprocesgnoretime consuming. Consequentlythe efficiencyof Hierarchicalwill be
evenmoreessentiafor goodperformance.

6.6. Conclusions

This chaptershowsthe usefulnessof careful virtual to real page mapping policies, describes
severalpractical careful mappingimplementationsand showstheir performanceamprovementusing
trace-drivensimulation. Whena real-indexeccacheis large,the virtual to real pagemappingfunction
andthe cachemappingfunctioninteractto determinecacheperformance.This givesthe pagemapping
policy the opportunity to improve cacheperformanceby carefully choosingthe virtual to real page
mappingof anaddresspace. It is worthwhileto expenda little effort to mapa pagecarefully sinceit
canimprovethe performanceof all following accesseto the page. This chaptershowsthat virtually-
indexedcacheshaveadvantagesver real-indexedcacheswith poor virtual to real mappingsbut that
carefulmappingcaneliminatemanyof therandomreal-indexednisses.

This chaptershowsthat static cachebin placemenbptimizationsproducedynamiccacheperfor-
manceimprovements.A simplestaticanalysisshowsthatasmanyas30% of the pagedfrom anaddress
spaceare unnecessarilyn conflict; this is the static potential availableto the careful pagemapping

29. If the implementationsnsteadonly maintainone array (tree) of used stateinformation per address
spacewhenthe operatingsystemaddsor removesa sharedpageit mustupdatethe used stateof all address
spacesisingthe pagesothatall used informationis correct. This updatemay be both difficult andtime con-
suming.
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algorithms. This analysisalsocorrectly predictsthat conflictsarelessof a problemin cache=f higher
associativity.

This chapterdescribeg?ageColoring andintroducesseveralotherpracticalcareful pagemapping
algorithmsthat improve the cachebin placementof pagesbasedsolely on static information. These
algorithmsequalizecachebin utilization and eliminate cacheconflicts. They rangefrom the simple
PageColoring and Bin Hopping to the more sophisticatedBest Bin and Hierarchical. This chapter
gquantitativelycompareshe MPI improvementsof the algorithmswith trace-drivensimulationsof a
multiprogrammedrace(Mult2.2). This comparisorshowsthat Bin Hopping,BestBin, andHierarchi-
cal performwell. The comparisoralsoshowsthat Equality matchPageColoring performspoorly. The
problemwith equalitymatchPageColoringis thatit mapsfrequentlyusedareasof the virtual memaory
spaceto the samecachebin. A versionof PageColoring that eliminatesthis problemstill doesnot
comparefavorablyto the other careful mappingschemes.Underthe conditionsthat this chapterstu-
dies, Best Bin producesthe best page mapswith the smallestpool of available page frames,so it
improvescacheperformancevith the minimum (perhapsho) pagereplacemenpolicy effect. Hierarch-
ical hasgoodcomputationakfficiencyandcachesizeindependenmappingsthesepropertiesaredesir-
able,particularlyfor hierarchieof real-indexecaches.

This chaptercorrelatesthe static conflict optimizations of the mapping algorithms with the
dynamiccachemiss reductions. It also showsthat virtual-indexing (with PID-hashing)optimistically
estimategeal-indexedcacheperformancethat carefulmappingis effective over a rangeof pagesizes,
andthat carefulmappingwith a large pool of availablepageframes(relativeto the main memorysize)
cancausemorepagemisses.

Carefulvirtual to real pagemappingis a useful,low cost,techniqueto improvethe performance
of large,real-indexedCPU caches. This chaptermpresentsimulationresultsfrom severalworkloadsto
measurghe improvedMPI meanandvarianceof carefulpagemapping(Hierarchical). The improve-
mentdependson the workload, but, 10%-20%o0f direct-mappedtachemissesareeliminated(on aver-
age)from our traces. Thus,at no hardwarecost,softwarecarefulpagemappingeliminatesabouthalf of
the direct-mappedachemissesthat either doubling the associativityor cachesize caneliminatefrom
thetracesusedin this dissertation.
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Chapter 7

Summary andFutureWork

7.1. Summary

This dissertationprovidesthe analysisrequiredto understandmulti-megabytesecondaryCPU
caches.The contributionsof this work include new cacheperformanceanalysistechniquesanddesign
suggestiondor both hardwareand softwarememory systemdesigners. This sectionsummarizeghe
contributionsof this dissertation.

Chapter2 defineshasicconceptsgivesdefaultparametersandsurveysstate-of-the-artesearchn
the areaof cachememoryanalysis. It thenshowsthat the MPI and SCPI cacheperformancemetrics
usedin this dissertatiortakeinto accounthe frequencythata caches accessedn additionto the cache
miss ratio, to determinethe performanceeffect of a cache. SCPI is a useful performancemetric to
gaugethe effectof cachemisseson eachinstruction;it allowsthe effectsof eachcachein the hierarchy
to be determinedseparatelythen combinedinto a systemtotal. Then Chapter2 showsthe statistics
usedin this dissertationandalsodescribesa simulationenvironmeniwith enoughprocessingpowerto
gathertheresultsneededor this dissertation.

Chapter3 describes collectionof newtracesfor the analysisof multi-megabytecacheghatwere
usedthroughoutthis dissertation. Thesetracesovercomeseveraldeficientaspectf previouswork-
loadssincethey areonehundredtimeslongerthanprevioustracesandarefrom workloadsthatareten
times larger than previously traced. Theseworkloadsare the type that can be expectedwhen high-
performanceprocessorsvith large main memoriesbecomeavailable. This dissertationdescribesnew
tracing techniquesrequiredto gathertheselong traces. Chapter3 describesthe code modification
mechanismusedto gatherthem; Anita Borg and David Wall developedthis mechanismat DEC
Western ResearchLaboratory. Chapter 3 also describesthe sophisticatedtrace differencing and
compressiomeededto capturethe traces;eachmemory referencerequired only abouttwo bits of
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storage.

Chapter3 also showstwo advantage®f long traces. Thefirst is that longertracesgive a more
completecharacterizatiorof the variationsof behavioracrossdifferent executionphasesof the work-
load. The secondadvantageés thatlong tracescanovercomethe long cacheinitialization, or cold-start,
transientof the multi-megabytecaches. Thesenewtracesaresuperiorto previoustracesfor the analysis
of multi-megabytecachesandwereessentiato obtaintheresultscontainedn this dissertation.

The problemwith long tracesis the enormoussimulation and storageresourcesequiredto use
them. Chapterd comparegwo different trace-samplingechniqueghat useonly a portion of the full
tracememoryreferencego estimatecacheperformanceor the full trace. Sincesimulationtime and
storagespaceis proportionalto the numberof requiredmemory referencesthis referencereduction
translateglirectly into reducedsimulationandstoragerequirements.Onesamplingtechnique setsam-
pling, extractsreferenceso a portion of the addresspacethoseaddressethatindexto a portionof the
setsin the cache. Chapter4 introducesa constant-bitgechniquethat producesetsampleghat areuse-
ful for the widestrangeof cacheconfigurationsa constant-bitssampleis a setsamplewhenthe cache
index bits containthe constant-bits.Setsamplingis effective: a tracedatareductionfactor of 16 still
gavelessthanl10%errors.

The othertrace-samplindechniquefime sampling,extractsmany sampleswhereeachis a time-
contiguougportionof thefull tracereferences.Cold startis a seriousproblemlimiting the usefulnes®f
time sampling. Chapterd comparedive differentcold-startreductiontechniques.It showsthatinitiali-
zationreferencanissratio prediction[WoHK91] wasmosteffectiveat mitigating the bias. Evenwith
this techniqgue multi-megabytecachegequiretime samplesof millions of instructionsto removecold-
starteffects. Additionally, time samplingrequiresmanysamplego characterize&acheperformancdor
a long trace. Only many samplescan captureadequateportionsof different executionphasesof the
tracedworkloadsto estimatecacheperformanceaccurately. The combinationof large time-samples
with manytime-samplesnakestime samplinglessdesirablethansetsampling. Providedsomerestric-
tionscanbetolerated setsamplingis preferred.

Chapters focusesn the designof multi-megabytecaches.Iln sodoing, it givesa detailedmotiva-
tion for two-level hierarchicalcacheconfigurationswith secondarynulti-megabytecaches.A feature
of multi-megabytecachesis the significantreductionin memory traffic requiredwhen the cacheis
insertedbetweerthe processoandthe main memory. Smallerandfasterprimary cachesareanimpor-
tantcomponenbf a hierarchicalmemorysystemcontainingmulti-megabytecachessincelarge caches
aretoo slow to serviceprocessoreferencedlirectly. A hierarchicalconfigurationwith both primary
and multi-megabytesecondarycachesservicesmost referencesat processorspeedsand retainsthe
capacityadvantagesf thelargesecondargache.

The SCPI resultsfrom Chapters showthat multi-megabytecachesare extremelyusefulwhenthe
processor-main-memogpeedgapreachesa factor of 100 or more. They alsoshowthatthe workload
hasa largeeffecton SCPI, sothe expectedvorkloadgreatlyaffectsthe cachesizechoice. An examina-
tion of associativitydesignalternativesshowsthat 2-way set-associativityextractsmost of the advan-
tage of higher associativities. While associativityis useful for smaller secondarycaches,it is less
necessaryith multi-megabytecachedecausdlirect-mappedalreadyperformswell. LRU replacement
canimprovereplacementecisionsput it alsocanhaveanimplementatiorcostfor higherassociativi-
ties, so randomreplacementnay be preferred. Chapter5 examinesseveralinexpensiveimplementa-
tions of associativity. It shows that the partial comparisontechnique performs well for smaller
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secondargaches.The MRU implementatioralsoperformswell for thelargestsecondargaches.

Chapter5 alsoexaminedifferentsecondaryacheblock sizes. Its findingsaredifferentthanpre-
vious studiesilargerblock sizesarebetterfor multi-megabytecaches.It preferslargerblocksbecausédt
considerdarger cachesand different memory systemparameterghan the previouswork. The block
sizewith equallatencyandtransfercomponentss a gooddesignpoint, thoughblock sizechoicevaries
with cachesize. The SCPI-minimal block sizeis often within a factor of two of this designpoint, and
the SCPI at this designpointis oftennearthe minimum SCPI for all block sizes.

Chapters finally looks at multi-level inclusiondesignoptions. It findsthatreplacementiecisions
canaffectthe frequencyof primary cacheinvalidationsneededo maintaininclusion,andthat software
cacheconsistencynay be moreappropriatehanhardwarecacheconsistencywith inclusion)in unipro-
cessorbecausof theincreasedomplexityandperformancalegradatiorpotentialof inclusion.

To completethis dissertation,Chapter6 examinesthe interaction of virtual memory and set-
associativeCPU cachesand developssoftwaretechniquego improve cacheperformance.Cacheper-
formancecanonly be maximizedwith a combinationof both softwareand hardwaretechniques.For
multi-megabytereal-indexedset-associativeachesthe associativitydisparity of virtual memoryand
cachesmpliesthatthe placemenbf pagesn the main memorydeterminegheindexingof pagesn the
cache. A simple model showsthat with a naive mappingof pagesto pageframes30% of the pages
from anaddresspacemaybe unnecessarilyn conflict (on average).It alsopredictsthatthe mostpage
conflictscanbe eliminatedat the point wherethe addresspacesizeequalsthe cachesize.

Chapter6 exploresthe designissuesof careful pagemappingpoliciesthat will eliminate these
conflicts. It introducesandexaminegwo simple policiesandtwo morecomplexones,andoutlinesthe
key propertieof each. AppendixA showsthatoneof them,Hierarchical satisfieghe size-independent
property. Chapteré examinescareful pagemappingusing trace-drivensimulation. The resultsshow
that careful pagemappingcan reducethe frequencyof direct-mappedcachemissesby 10%-20%for
userreferences.Thus,at no hardwarecost,carefulpagemappingmakesa direct-mappedacheappear
50%larger. Theresultsalsoshowthatcarefulpagemappingreduceghe variancein cacheperformance
for differentexecutionsof a workload,a desirabletrait. A comparisorof the different policiesfor one
traceshowsthat BestBin chooseghe bestpagemaps,butit canbe costly. Hierarchicalis an efficient
variantthat retainsmany of the desirablepropertiesof BestBin, and producescachesizeindependent
maps. Bin Hoppingworkswell, but PageColoringwithout any hashingdoesnot. Chapter6 alsoshows
that carefully-mappedaacheperformances largely independenof pagesize,thatvirtual indexingwith
PID-hashinggives optimistic resultsas comparedreal-indexing,and that the maintenanceof a large
availablepageframepool cancausemorepagefaults.

7.2. FutureWork

This sectionsuggestareador future work to complementhis research.This dissertatiorcontri-
butesto memory systemperformanceanalysis,but rapid technologychangealwaysensureghat new
researclavenue®penup, sothereis alwaysmorework to bedone.

Oneimportantareafor further researctwould be more and bettertraces. Chapter3 showedthe
dramaticchangesn cacheperformancdor differentworkloads. It would be usefulto havemanymore
workloadsto morepreciselycharacterizehe differencedor differentworkloads. Relatedto this would
be a studyto answerthe question:is it betterto havefewerlong tracesor to usetracesamplingto trace
moreworkloadswith the samenumberof references?hapter4 showsthat samplingcanbe effective.
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However the answerto this questionalsodepend®n the accuracyandusageflexibility of the samples,
andonwhattheintendeduseof the sampless. In particular,regardingsetsampling,whatconstanbits

shouldbe used?With time sampling,how long of asampleis long enough?While INITMR in Chapter
4 successfullyeliminatesthe cold-startbiaswhentherearemoreknown misseghaninitialization refer-

ences,it would be usefulto more preciselycharacterizehe relationshipbetweencold startand trace
length,andto find moresophisticatedechniguedo eliminatethe cold-startbiasin time samples.It also
would be useful to develop better techniquesthat use only the samplesthemselvesto establish
confidencdevelsin the acquiredresults,andfind a more accuraterelationshipbetweenthe numberof

sampleqor thetracedatafraction)andthe accuracyof theresult.

An examinationof the methodologyusedto gatherthe traceswould be fruitful. The workloads
werechoserparticularlybecauseheywerelarge,hopefullyto reflectcharacteristicsimilar to the large
workloadsthat will likely be common as high-performanceprocessorswith large main memories
becomeavailable. It is unclearhow well theseworkloadsreflectthe real workloadsof multi-megabyte
caches.A comparisorof differentworkloadgatheringmethodologiesvould be very interesting.

Relatedto the gatheringof traces a seriousdeficiencyof the tracesis the lack of operatingsystem
references.The MPI’'s of mosttracesprobablywould increasewith operatingsystemreferencessothe
conclusionswith operatingsystenreferencesoulddiffer from the conclusionsvithout them.

There are severalways that the resultsof Chapter5 could be extended. It would be useful to
decidethe designrangethat is appropriatefor two-level cacheconfigurationsand when more cache
levelsareneeded.Furthermorewhatis the effectof primary cacheson the designand performanceof
multi-megabytesecondarycaches?What is the designeffect of the differencesbetweenreal-indexed
and virtual-indexedcacheperformance?How accuratelydoesSCPI predict the true performanceof
hierarchicalcaches?What is the relationshipof workload behaviorto the cachesize choice? For a
givenworkload,what cachesizeis largeenough? Thereis alsoalwaysthe needfor exploringa larger
designspacewith awider variationin parameterdecausgarametergsanvary in differentimplementa-
tions.

Therearemanywaysthattheresearchn Chapter6 could be extended.A precisecharacterization
of the relationshipbetweenstatic pageconflicts and the resulting MPI of the addressspacewould be
useful. Therearemanyopportunitieso developmoresophisticateatarefulpagemappingfunctions. It
might be useful to discriminatebetweendifferent typesof pages,suchas code and datapages. For
instancepnecould minimize conflictsbetweerpagesf the sametypein additionto minimizing the all
conflictswithin an addressspace. More sophisticatein choiceheuristicscould be usedby BestBin
andHierarchical. Anotherareawhereresearctshouldbe directedis the relationshipbetweerpagepool
size and page miss frequency. This could help find the optimal page pool size by trading off the
reducedcachemissfrequencywith theincreasegagefault frequencyof alargerpool.

Multi-megabytecachegpromiseto be a moreandmoreimportantcomponenbdf high-performance
memory systemdesign. This thesisis aboutthe performanceanalysisand designof multi-megabyte
secondaryCPU cachememaories. It is the first performanceevaluationof multi-megabytecaches.
Thoughthereare many more possibilitiesfor further researchthis dissertatioris animportantstarting
pointto understananulti-megabytecaches.
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Appendix A

This appendixconsistsof a proof that Hierarchicalproducescachesizeindependenimappingyas
definedby Definition A.3).

First, this appendixformalizessomeof the conceptghat are developedn the text of the chapter.
A pagemappingfunction placesavirtual pagein arealpageframe. More formally:

Definition A.1. Page M apping Function.

Givena currentmappingof virtual pagedo realpageframesandthe pageframesavail-

able for mapping,a page mapping function MAP (vp, CC) = pf choosesan available
pageframe, pf, to mapthe virtual pagevp into the main memoryandthe real-indexed
(by bit-selection)set-associativ€ PU cacheCC.

To understananuchaboutthe cacheeffectsof accesse® memorylocationswithin anaddresspaceijt
is necessargnly to know the binsto which the pageanap. The pagemappingfunctioncaneasilylearn
thebin apageframeis in by examiningthe bottombits of the pageframenumber the bin bits:

Definition A.2. Page Frame and Cache Bin Correspondence.

Figure 6.1 showsthat a pageframe belongsto a cachebin definedby the value of its
bin bits. Thatis, thebin thata pageframepf will mapto in acacheCC is

bin (pf, CC) = pf mod29erth (CC)

wheredepth (CC) is the numberof bin bits for the given cache(given the pagesize).
Two pageframes,pfq, pf,, are equivalentwith respectto a cacheCC whentheir bin
bits areequivalent,

bin (pf;, CC) = bin (pf,, CC).

A formal statemenbf the sizeindependencpropertyis:
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Definition A.3. Cache Size Independent M apping Function.

A pagemappingfunction MAP (vp, CC) producessize independentmappings(i.e. is
size independentivhen MAP (vp, CC,) choosesa pageframethat is equivalentwith
respectto CC; to MAP (vp, CC,) for depth(CC,) < depth (CC») (depth(CC) is the
numberof bin bitsin thecacheCC). Thatis,

bin (pf,, CC1) = bin(pf1, CC1)

(pf2 = MAP (vp, CC»,) and pf{=MAP (vp, CC,)) for some arbitrary choicesby each
mappingfunction.

Effectively, sizeindependencesquireshatthe decisionamadeby the mappingfunctionoptimizedfor a
largercachemustbe equivalentto the decisionanadeby the function optimizedfor a smallercache.

A formal definition of a Bit-Reversedin Treeis:

Definition A.4. Bit-Reversed Bin Tree.

A Bit-Reversed Bin Tree (BRBT) is a fully balancedbinary bin tree of depthd with
nodesat eachlevel of thetreelabeledin a bit-reversedashionasshownin Figure6.14.
Thevalueof a leaf nodeis the numberof pageframes,either mappedor available,in
thelabeledbin. Thevalueof aninterior nodeis the sumof the valuesof its children. A
nodein thetreecanbeuniquelyidentifiedby the pair <x, | >, wherex is the label of the
node and | is the level of the nodein the tree (0<l <d, 0<x<2'). Pageframes,
identified by their pageframe numberpf, mapto node<x, | > whenthe bin bits are
equivalento the nodelabel, thatis, pf mod2' = x. Therootnodeis <0, 0> andall page
framesmapto it.

This nodelabelingidentifiesthe parentof node<x, | > by removingthe top bit of thel bit quantity x:
<xmod2 7,1 -1> (I > 0) is the parent. It alsofindsthe left andright children(l < d) by addinga most
significantbit: <x, | +1> and<x+2', | + 1> aretheleft andright child, respectively.

The nodeidentificationin a BRBT showsthe refinementof the numberingwith increasingtree
level. At eachlevel, I, eachlabel canbe expressedsan| bit number. Furthermorethe pageframes
thatmapto a nodeof a BRBT arepartitionedinto thosethat mapto its left child andthosethat mapto
its right child. Every pageframethat mapsto the parentnodemustalsomapto a child. Furthermore,
any pageframethat mapsto a child (a pageframecanonly mapto onechild, not both) alsomustmap
to the parentnode. Giventhatthe children(direct descendantg)artition the pageframesmappingto a
node,all pageframesmappingto a sub-treenodealso mustmapto the sub-treeroot node. This is the
key refinemenpropertythatallowsa BRBT to maintainsizeindependence.

TheoremA.1 saysthatthe valueof all nodesin a BRBT treeis the numberof pageframesin the
labeledbin, an extensionof the statemenin Definition A.4 that the leaf nodeshavethis property. Its
proof heavilydepend®n the partitioningpropertieof thelabelingof aBRBT.

Theorem A.1.

Thevalueof anodein a BRBT of depthd (asdefinedin Definition A.4) is the number
of pageghatmapto thatnode.
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Pr oof -

Letval (x, ) andcard(x, I) bethevalueof <x, | > andnumberof pageframesthatmap
to <x, |1 >, respectivelyThe proof consistsof showingthatval (x, ) = card(x, |) for all
<x, | > andis by induction.
Basis-
By Definition A.4 val (x, d) = card(x, d) for all leaf nodes<x, d>.
Induction -
Given that the condition holds for all nodes at level |+1, in particular
val (x, | +1) = card(x, | +1) andval (x+2', 1 +1) = card (x +2', | +1) (the left andright
children)it is necessaryo showthatval (x, |) = card(x, ) (0<l<d, 0sx<2'). The
partitioningpropertyof thetwo childrenof anodeimpliesthat

card(x, 1) =card(x, | +1)+card(x+2', 1 +1).

Card(x, ) is simply the sumof thesetwo valuessincethe direct childrenarea disjoint
partition of all the pageframesthat mapto the nodeitself. Substituting,this implies
that

card(x, 1) =val (x, | +1)+val (x+2', 1 +1),
which alsomeanghat
card(x, 1) =val (x, )

sincethevalueof anodeis the sumof the valuesof its children(Definition A.4). Since
x is arbitrary,the conditionholdsfor all nodesatlevell. Thetheoremis completesince
by the basisclauseand a finite numberof inductionsval (x, I) =card(x, |) can be
showntruefor anynode<x, | >.

TheoremA.1 is particularly useful sinceit showsthat the value of a nodeis dependenbnly on the
numberof pagesmappingto a node,which is independenbf thetreedepth. Thus,thevalueof aBRBT
node<x, | > is thesamein two BRBT's thatareof differentdepths.

TheoremA.2 formally statesthe proof that Hierarchicalproducessize independenmappings. It
usesTheoremA.1 to showthatHierarchical(usinga BRBT) will makethe sameupperlevel decisions
independentf the treedepth. A taller treethenonly refinesdecisionsmadewith a shortertree. This
implies the largertreedecisionis equivalent(with respecto the smallercache)to the decisionwith the
smallertree.

Theorem A.2.

Hierarchical (as definedby the codein Figure 6.9 and the examplein Figure 6.13,
further defined in Figure 6.15) that usesa BRBT (Definition A.4) producessize
independeniappingyDefinition A.3).

Proof -

The proof is in two parts. The first part is by induction and shows that both
MAP (vp, CC,) (depth(CC,)=d) and MAP(vp, CC,) (depth(CC,)=D, d<D)
traverseheir treesdownwardalongthe samepathup to level d, providedthey makethe
samearbitrarychoices.

Basis -
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Both algorithmsstarttraversalat node<0, 0>, theroot of the correspondingised
andfreetrees.Theyassumehatthereis atleastoneavailablepage.

Induction -

Giventhatthetraversalpathis the sameup to node<x, | > atlevell (I <d) in the
tree, it mustbe shownthat the sametraversaldirectionis takeninto level | +1.
This hingeson the propertythattreevaluesmustbe the same independenof the
depthof thetree. The samepagesmapto the used(free)treesfor eachHierarchi-
cal Heuristicandthusthe nodevaluesof the different-sizedused(free) treesare
equivalentTheoremA.1).

The codein Figure 6.9 makesthe direction decisionbasedon the <used, free>
node values of the children of <x,1>. Right_free (left_free) and
ri ght _used (I eft_used) are the valuesof the right (left) child of node
<X, | > in the freeandusedbin trees. Thus,eachversionof Hierarchicalwill call
the Choi ce() function with precisely the same parameterswhen at node
<X, |>.

Sincethereis at leastone availablepagein the sub-treerootedat <x, | >, either
right free or | eft_free mustbe non-zero. The zero checkingof the
| eft _used and ri ght used variablesin thefirsttwo i f clausedn Figure
6.9ensureghat Choi ce() will alwayspick asub-treewith anavailablepage.

Therearetwo further caseswithin the Choi ce() function that mustbe con-
sidered:

(1) Eitherright free# left freeor right _used# | eft _used.
Here,the Choi ce() functionwill deterministicallydecidebasedon the
parametersf thefunction (ascapturedn thesix i f clauses)Thedecision
will bethesamein eachcase.

(2) Otherwise. Choi ce() will arbitrarily decide(ascapturedin the el se
clause)for both heuristics. The arbitrarydecisionscanbe assumedo bethe
same,ensuringthat Choi ce makesthe samedirection decisionin each
case.

Thus,the Hierarchicalfunctionswill makethe samedecisionatnode<x, | >.

Throughan applicationof the basisclauseand d applicationsof the inductive clause,
the HierarchicalheuristicsMAP (vp, CC) andMAP (vp, CC,) canboth traverseto the
samenode<x, d> in the tree, providedthey makethe samearbitrary direction deci-
sions.

The proof now continuesby showingthat MAP (vp, CC,) will refineits decisionsto
level D in the trees. During its downwardtraversalit will remainwithin the sub-tree
rootedat <x, d>. Thus,it will completeits traversalat a leaf nodein this sub-tree
rootedat<x, d>. At thatpointit will chooseanavailablepageframethatmapsto the
correspondindeaf node. Sinceall pageframesmappingto a leaf nodein a sub-tree
also must map to the root of the sub-tree,the chosenpageframe also will map to
<X, d>. Thusboth MAP (vp, CC4) andMAP (vp, CC,) will choosea pageframethat
maps to <x, d> and satisfy the condition that bin(p, CC;) =p mod29 =x. The
requiredresultthat

bin (MAP (vp, CC), CC1) = bin(MAP (vp, CC5,), CC,)

is reachedandthetheoremis complete ]
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Appendix B

This appendixshowsthe statisticalsignificanceof the four-sampleMPI resultsusedin Chapters.
The simulatorintroducesrandomnesinto a static virtual addresgdraceby changingthe virtual to real
pagemapping. The goal is to determinethe (true) meanMPI over all Hierarchicaland Randompage
maps. For eachtraceandcacheconfigurationthis true meanis estimatedwith the meanof a sampleof
sizefour. Thetableswhich follow showthe estimatesf the meanMPI with Random(mrandom) and
Hierarchical(MPlyigrarcnical)- They alsoshowthe four-samplemedians. They alsoshowthe Hierarchi-
cal reduction(100%x (mrandom - mHierarchica])/mrandom)-

The samplemeansare most useful, however,if it is likely that they are closeto the true mean
MPI. 90% confidenceintervals measurethis likelihood. This appendixcalculates90% confidence
intervalsusingthe techniquesiescribedn Section2.5. The width of thesestudent-tconfidencenter-
vals is proportional to the four-sample standarddeviation. For any particular sample, the 90%
confidenceinterval may or may not contain the true meanof the distribution. It is called a 90%
confidencdnterval becausét containsthe true meanfor 90% of all possiblesamples.But arethe MPI
simulation resultsnormally-distributed?(One might think so becausesachis the sum of the per-set
MPI for thousand®f setsovera very long trace.) This is animportantquestionbecauséahe student-t
confidencentervalsassumenormally-distributedsamples.

To testwhetherthesefour-sampleconfidencentervalsare meaningful,with onetrace(Mult2.2)
andone cacheconfiguration(4-megabytalirect-mapped)a sampleof size of sizethirty wasgathered
for (a) randommappingand (b) Hierarchicalmapping. For eachof (a) and (b), the true meanwas
estimatedoy the meanof all thirty simulations(this canbe donewith reasonableonfidenceébecausghe
thirty-sample90% confidencentervalis (a) £0.34%and(b) +1.6%aboutthe estimatednean). All pos-
sible unique selectionsof four samplesfrom thesethirty were examined. The four-sample90%
confidencentervals successfullycontainedthe thirty-samplemean(a) 92% and (b) 88% of the time.
While this testwasonly for onetrace,it supportsthe accuracyof thesefour-sampleconfidenceanter-
vals.

Thus,in additionto the meansthe tableswhich follow give the 90% confidencentervals. The
resultsshowthat the confidencentervalsare small. For example,71% of the randommappinginter-
vals and 86% the Hierarchicalintervalsextendlessthan 5% from the estimatedmean. The random
mappingintervalsare not quite astight asHierarchicalbecauseoor randompageplacementanmore
greatlyvary the simulationMPI.
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Secondary Cache MPI x1000Confidence I ntervals (Multl)

Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median Reduction

1 1.8199+0.1879 1.7851 | 1.5827+0.0258 1.5891 13.0%
M 2 1.2648+0.0236 1.2561 | 1.2093+0.0089 1.2110 4.4%

4 1.1173+0.0302 1.1061 | 1.0746+0.0101 1.0772 3.8%

1 0.8083+ 0.0401 0.7995 | 0.7299+0.0221 0.7367 9.7%
AM 2 0.5757+ 0.0087 0.5747 | 0.5526+ 0.0052 0.5534 4.0%

4 0.5289+ 0.0033 0.5282 | 0.5162+0.0007 0.5163 2.4%

1 0.3807+ 0.0178 0.3782 | 0.3442+0.0063 0.3433 9.6%
16M 2 0.2893+ 0.0024 0.2895 | 0.2730+0.0020 0.2725 5.6%

4 0.2716+0.0021 0.2718 | 0.2619+ 0.0008 0.2620 3.5%

Secondary Cache MPI x1000Confidence I ntervals (Mult1.2)

Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median Reduction

1 1.7477+0.1878 1.6843 | 1.6305+0.3856 1.4797 6.7%
iM 2 1.2540+ 0.0106 1.2521 | 1.2035+0.0108 1.2002 4.0%

4 1.1343+0.0091 1.1362 | 1.1102+0.0061 1.1103 2.1%

1 0.8880+ 0.1837 0.8471 | 0.8596+0.3898 0.6952 3.2%
AM 2 0.5873+ 0.0082 0.5863 | 0.5615+ 0.0023 0.5617 4.4%

4 0.5405+ 0.0026 0.5403 | 0.5302+ 0.0014 0.5303 1.9%

1 0.4753+0.1925 0.4043 | 0.3343+0.0173 0.3362 29.7%
16M 2 0.2966+ 0.0033 0.2954 | 0.2788+0.0051 0.2797 6.0%

4 0.2797+ 0.0015 0.2792 | 0.2703+0.0012 0.2705 3.4%

Secondary Cache MPI x1000Confidence I ntervals (Mult2)

Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median Reduction

1 1.5687+0.1535 1.5419 | 1.2742+0.0224 1.2707 18.8%
M 2 1.0944+0.0217 1.0969 | 1.0076+0.0036 1.0077 7.9%

4 0.9749+ 0.0047 0.9761 | 0.9417+0.0022 0.9412 3.4%

1 0.7360+ 0.1067 0.6967 | 0.6314+0.0230 0.6284 14.2%
AM 2 0.5462+ 0.0056 0.5476 | 0.5212+0.0022 0.5215 4.6%

4 0.5152+ 0.0021 0.5153 | 0.5018+ 0.0005 0.5018 2.6%

1 0.3352+ 0.0109 0.3329 | 0.2931+0.0047 0.2941 12.6%
16M 2 0.2599+ 0.0015 0.2597 | 0.2392+ 0.0010 0.2390 8.0%

4 0.2427+ 0.0022 0.2423 | 0.2294+ 0.0003 0.2293 5.5%
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Secondary Cache MPI x1000Confidence I ntervals (Mult2.2)
Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median Reduction
1 1.4953+0.1264 1.4873 | 1.1858+0.0205 1.1884 20.7%
M 2 1.0480+0.0186 1.0409 | 0.9805+0.0049 0.9824 6.4%
4 0.9593+ 0.0038 0.9589 | 0.9289+ 0.0014 0.9291 3.2%
1 0.7121+ 0.0428 0.7104 | 0.5982+ 0.0062 0.5976 16.0%
AM 2 0.5375+ 0.0091 0.5355 | 0.5101+0.0027 0.5106 5.1%
4 0.5079+ 0.0033 0.5088 | 0.4938+0.0009 0.4940 2.8%
1 0.3339+ 0.0235 0.3254 | 0.2820+0.0069 0.2824 15.6%
16M 2 0.2539+ 0.0034 0.2542 | 0.2326+0.0021 0.2333 8.4%
4 0.2371+0.0041 0.2369 | 0.2226+0.0006 0.2225 6.1%
Secondary Cache MPI x1000Confidence I ntervals (Tv)
Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median Reduction
1 3.3632+ 0.1861 3.3093 | 3.2713+0.1084 3.2610 2.7%
iM 2 2.4658+ 0.0214 2.4633 | 2.4919+0.0536 2.4900 -1.1%
4 2.3055+ 0.0094 2.3017 | 2.2997+0.0052 2.3006 0.2%
1 2.1151+ 0.0549 2.1263 | 2.0682+0.0268 2.0684 2.2%
AM 2 1.8294+ 0.0079 1.8271 | 1.8108+0.0067 1.8103 1.0%
4 1.7800+ 0.0037 1.7802 | 1.7772+0.0045 1.7764 0.2%
1 1.1899+ 0.0062 1.1888 | 1.1589+0.0293 1.1513 2.6%
16M 2 1.0337+£0.0043 1.0337 | 1.0171+£0.0051 1.0170 1.6%
4 0.9910+ 0.0027 0.9910 | 0.9779+0.0031 0.9768 1.3%
Secondary Cache MPI x1000Confidence I ntervals (Sor)
Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median Reduction
1 14.9794+ 0.0211 14.9757 | 14.8567+ 0.0284 14.8627 0.8%
M 2 14,7033+ 0.0299 14.6937 | 14.6402+ 0.0053 14.6401 0.4%
4 14.5816+ 0.0152 14.5774 | 14.5507+ 0.0040 14.5496 0.2%
1 9.4718+ 0.0983 9.4729 | 8.3389+0.1115 8.3545 12.0%
AM 2 8.6826+ 0.0581  8.6821 | 8.0557+0.1145 8.0312 7.2%
4 8.3524+ 0.0291 8.3509 | 8.0611+0.0323  8.0529 3.5%
1 4.2208+ 0.3183  4.1976 | 2.7843+0.1638 2.7574 34.0%
16M 2 2.8435+ 0.1069 2.8471 | 2.1481+0.0824  2.1383 24.5%
4 2.4179+0.1447 2.3788 | 2.0743+0.0197 2.0754 14.2%
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Secondary Cache MPI x1000Confidence I ntervals (Tree)

Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median | Reduction

1 3.9061+2.0853 3.3053 | 2.4720+0.0573 2.4855 36.7%
1M 2 2.0930+£0.0580 2.1085 | 1.9738+0.0516 1.9561 5.7%

4 1.8580+0.0494 1.8476 | 1.8573+0.0584 1.8392 0.0%

1 1.2112+0.2466 1.1478 | 0.9124+0.0286 0.9174 24.7%
aM 2 0.7179+0.0292 0.7124 | 0.5934+0.0284 0.5848 17.3%

4 0.5292+ 0.0218 0.5260 | 0.4932+0.0119 0.4897 6.8%

1 0.5416+0.2284 0.4682 | 0.3771+0.0292 0.3805 30.4%
16M 2 0.2914+0.0194 0.2859 | 0.2706+ 0.0047 0.2707 7.1%

4 0.2579+ 0.0008 0.2578 | 0.2545+0.0002 0.2544 1.3%

Secondary Cache MPI x1000Confidence Intervals (Lin)

Configuration Random Hierarchical Hierarchical
Size Assoc. | 90%Confidence Median | 90%Confidence Median | Reduction

1 1.1481+0.0107 1.1511 | 1.1609+0.0021 1.1616 -1.1%
1M 2 1.0806+ 0.0037 1.0800 | 1.0938+0.0010 1.0935 -1.2%

4 1.0611+ 0.0030 1.0613 | 1.0766+ 0.0005 1.0766 -1.5%

1 0.5277+0.0263 0.5264 | 0.3564+0.0283 0.3488 32.5%
aM 2 0.3103+0.0392 0.3054 | 0.1307+0.0234 0.1230 57.9%

4 0.1557+0.0275 0.1567 | 0.0494+ 0.0108 0.0452 68.2%

1 0.1532+0.0230 0.1529 | 0.0689+ 0.0063 0.0692 55.0%
16M 2 0.0416+0.0101 0.0438 | 0.0217+0.0038 0.0204 47.8%

4 0.0179+0.0006 0.0178 | 0.0167+0.0000 0.0167 6.7%
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