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Chapter 1

Introduction

Thememorysystemis a critical componentof anyhigh-performancecomputersystem. Memory
speedis oftena majorcomponentof theperceivedexecutionspeedof thecomputersincetheprocessor
canonly executeasfastasthememorysystemprovidesdata. Computeruserswould prefera memory
that is both infinitely largeandinfinitely fast,or at leastonethat is largeenoughandfastenough.The
challengeis to designacost-effectivememorysystemthatmeetsthesegoals.

Rapid technologychangealways alters the memory systemdesignproblem, making previous
designsaninsufficientsolution,andnewresearchessential.Memorydensitiesaredramaticallyimprov-
ing: mainmemoriesof hundredsof megabyteswill becommonin thefuture. Processorsaregettingfas-
ter: processorswill executehundredsof millions of instructionsin a singlesecond.With moreprocess-
ing and memory capabilities,userssolve different and larger problemsthan previously envisioned.
Thesetechnologyandusagechangesreshapethe problemspresentedto the memorysystemdesigner.
As memorysystemsevolve,designdecisionsmustbeconstantlyreevaluated.

This dissertationanalyzesa memorysystemthat is motivatedby increasingprocessingspeedsand
expandingmain memories.While main memoriesaregettingmuchlarger,they arenot gettingmuch
faster. This createsa speedgapbetweenthe processorandmain memory. The processorcanperform
hundredsof operationsin the time it takes to servicea single main memory request,so memory
accessesmustberare. With this largespeedgap,it becomesparticularlydifficult to meetthe expecta-
tionsof theuser:a fastandlargememory. While a givenmemorymaybe largeenough,it is probably
not fastenough.

Theproblemis that largermemoriesareinherentlyslowerthansmallermemoriesbecauseof phy-
sical limitations. Giventhis problem,it mayat first seemimpossibleto build a memorysystemthathas
botha largecapacityanda high speed.Fortunately,thereis anelegantdesignsolutionthatovercomes
these physical limitations. A smaller (faster) and a larger (slower) memory are configured
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hierarchically,yet they appearasa singlememorybecausethe fastermemorytransparentlycachesthe
frequently-referencedcontentsof theslowermemory. Theaveragespeedof thehierarchyis nearlythe
speedof the fastestmemorybecauseit servicesmostreferences(locality of reference[DENN68]). The
largestmemorydecidesthecapacityof thehierarchybecauseit servicesall theotherreferencesthat the
smallerone(s)cannot. At no burdento theprogrammer,hierarchicalmemorysystemsbridgethe large
speedgapbetweenprocessingandmemoryby simultaneouslyusingthespeedandcapacityadvantages
of smallandlargememories.

Figure 1.1 showsthe evolution (from left to right) of hierarchicalmemory systemsto fill the
processor-memoryspeedgap. Technologychangespushdesignsto the far right of the figure: to the
memorysystemexaminedin 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 memorycouldsuccessfullybridgethespeedgapbetweenprocessors
andmechanicalstoragewhenit couldservicereferencesat thespeedof theprocessor.Fasterprocessors
createanotherspeedgapsincelargemain memoriescannotequalprocessorspeeds.Anotherhierarchy
level bridgesthis gap: cache memory. Cachesare essentialfor the processor-main-memoryperfor-
mancegapjust like virtual memoryis essentialfor the main memoryanddisk gap. Cachesarefaster
(but smaller) than main memories,so they can satisfy processorreferencesmore quickly. Caches
greatlyimprovememorysystemperformance,at noburdento theprogrammer.

With evenfasterprocessors,a singlecachebecomesan insufficientbuffer betweenthe processor
andmainmemory. A two-levelcacheconfigurationis necessary.Again,anadditionof anotherlevel to
the hierarchyallows the capacityadvantagesof the largecacheto be combinedwith the speedadvan-
tagesof the smallercache. The largecachereducesthe frequencyof main memoryaccesses,which is
essentialbecausetheytakesolong,but a largecacheis too slow to directly servicetheprocessor.This
leadsto the configurationon the far right of Figure1.1,onewith smallerprimaryandlargersecondary
CPUcaches.This two-level cacheconfigurationgracefullytoleratesa processor-memoryspeedgapof
evena hundredor more. The primary cachesservicemost processorreferences,and the secondary
cacheservicesmostof thereferencesthatescapetheprimarycaches.Split primarycachesprovidehigh
bandwidthto theprocessor;separateinstructionanddatacachesallow instructionanddatareferencesto
beservicedsimultaneously.

Thetechnologychangesthatdrive hierarchicalmemorysystemsto two cachelevelsareevidentin
Figure1.1. Microprocessorspeedshaveimprovedby a factorof onehundredoverthelastdecadewhile
main memoryspeedshaveimprovedby only 50% in the sameperiod. CPU cachesfill this speedgap
by pushingthe processorup in the hierarchy. Memory sizeshavegrown by severalordersof magni-
tude. Cachesalsogrow with eachevolutionarygeneration.Theselargecachescansatisfymostof the
referencesfrom eventhelargestworkloads.

1.1. Dissertation Overview and Contributions

This studyfocuseson theevaluationanddesignof theevolutionarytwo-levelcacheconfiguration
depictedon the far right in Figure1.1. In particular,this dissertationconcentrateson largesecondary
caches.Most previouscacheanalysesfocuson smallerprimarycachesbecauseonly recenttechnology
advancesand increasingworkload sizesnecessitatethe larger cachesas a part of a two-level cache
configuration. Evolutionarytrendssuggestthat thesecacheswill be multiple megabytes,an 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 figureshowstheevolutionof hierarchicalmemorysystems(from left to right) to fill thegapbetween
processorand memoryspeeds.At the top of the hierarchyis the processor(CPU), andat the bottomis
non-volatile(mechanical)storage.In themiddle,thereareseverallevelsof memory,bothcacheandmain,
with sizesgiven. The latencyrequiredfor a transferbetweenlevelsis alsogiven. The latenciesandsizes
depictedareonly examples.This dissertationstudiessecondarycachesin a configurationlike the oneat
thefar right.
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uniprocessorsbecausethey continueto pushthe limits of low-costcomputationalperformance,though
multi-megabytesecondarycachesareequallyor moreusefulfor multiprocessors.

While primarycacheandmain memorydesignconsiderationsaremuchthe sameasin the previ-
ousgeneration,the new secondarycachesarefundamentallydifferent. Secondarycachesaredifferent
from primary onesfor two reasons.First, secondarycacheswill be as large as main memoriesonce
were,much larger than previous(or future) primary caches.Second,primary cachesdirectly service
processorreferences,while secondarycachesserviceonly the referencesnot satisfiedby the primary
caches. Most previousresearchhas focusedon primary cachedesign.This dissertationstudiesthe
secondarycache,whichseesmemoryreferenceswith verydifferentcharacteristics.

Although they areof similar size,multi-megabytesecondarycachesare fundamentallydifferent
from previousmain memories. One differenceis the time to accessthe next hierarchylevel: disk
accessestake many ordersof magnitudelonger than main memoryaccesses.This latencydifference
makessecondarycachedesignvery different. Secondarycachescanusethemain memorymuchmore
frequentlythanpreviousmainmemoriescouldaccesstheslowdisk.

The differencesin multi-megabytesecondarycachedesignmotivatethe researchin this disserta-
tion. The first componentof this researchinvolved gatheringtools appropriatefor analyzingmulti-
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megabytesecondarycaches.As memorysystemsevolve, the tools usedto evaluatethem also must
evolve. This dissertationdescribesthe implementationand use of new cacheperformanceanalysis
tools. By evaluatingmulti-megabytesecondarycachesin theproperframework,newinsightsinto their
behavioranddesignareevident.

Chapter2 definesthe basicconceptsrelatedto virtual memoryand CPU caches,and gives the
defaultparametersthatareassumedthroughouttherestof this dissertation.It alsosurveyssomeimpor-
tant previouscacheperformanceanalysisstudies,andshowstrace-drivensimulationto be an effective
performanceanalysistool for cachememories. It introducesthe MPI and SCPI cacheperformance
metrics,anddescribesthe statisticaltechniquesusedthroughoutthis dissertation. It then describesa
simulationenvironmentthat allows trace-drivensimulationresultsto be gatheredquickly. Chapter2
establishesthebasisfor therestof theresearchincludedin this dissertation.

Chapter3 then describesthe collection of superior tracesfor the analysisof multi-megabyte
caches.Thesetracespredicttheworkloadsthatwill executeon futurehigh performanceprocessorsthat
havemainmemoriesof hundredsof megabytes.Thetracesareonehundredtimeslongerthanprevious
traces,andaretakenfrom workloadsthatareten timeslargerthanpreviouslytraced. Chapter3 further
showstheadvantagesof very long tracesfor multi-megabytecacheanalysis.

Theproblemwith long tracesis theenormouscomputingresourcesneededto simulatewith them.
Chapter4 discussestrace-samplingtechniquesthat useonly a portion of the long tracereferences,and
consequentlyreducetherequiredsimulationtime, to getaccuratecacheperformanceresults. Sampling
canreducesimulationtime by morethananorderof magnitudewhile introducingonly smallerrors.

Chapter5 givesmoredetailedmotivationfor thetwo-levelhierarchicalcacheconfigurationshown
in Figure 1.1. It showsthat multi-megabytecachesare neededas the processor-memoryspeedgap
reachesa factor of onehundred. It thendiscussessomekey designconsiderationsof multi-megabyte
secondarycaches:block size,associativity,andmulti-level inclusion.

Chapter6 examinesthe interactionof virtual memoryandset-associativeCPU caches.Because
of their interaction,thevirtual to realpagemappingaffectstheplacementof datain thecache.Chapter
6 introducestheproblemcausedby this interaction:pageconflicts. It alsointroducesa simplemodelto
measurethequality of naivepageplacementin thecache.This modelsuggeststhat30%of pagesmay
be poorly placedwhen they arenaively mappedto pageframes. Chapter6 introducesand examines
practicalpagemappingtechniquesthat improvethe placementof datain the cacheand,consequently,
improve cacheand memory systemperformance.Trace-drivensimulation showsthat careful page
mappingeliminates10%-20%of direct-mappedreal-indexedcachemisses. Thus,careful pagemap-
ping cancauseacacheto actmuchlarger,at nohardwarecost.

Finally, Chapter7 discussesthe conclusionsof this research,andareasfor future research.This
dissertationpresentsthe analysisrequiredto understandthe performanceand designissuesinvolved
with multi-megabytesecondarycaches.
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Chapter 2

BackgroundandCachePerformanceAnalysis

2.1. Introduction

This chaptergives the memory systembackgroundneededfor the analysisof the subsequent
chapters.In Section2.1andSection2.2,this chapterdiscussesdefinitionsanddefaultparametersof the
virtual memoryandcacheconfigurationsexaminedthroughoutthis dissertation.Section2.3surveysthe
most importantpreviouscacheperformancestudies,andmotivatesthe useof trace-drivensimulation.
Section2.4describesthecacheperformancemetricsusedthroughoutthis dissertation.Section2.5sum-
marizesthe statisticaltechniquesusedin Chapters4 and 6. Section2.6 then describesa simulation
environmentthat takesadvantageof levelsof homogeneityandparallelism. This chapterdiscussesthe
toolsusedin thesubsequentresearchin Chapters3, 4, 5, and6.

2.2. Virtual Memory Concepts

This sectionsummarizeskey conceptsof virtual memorythat areusedthroughoutthis disserta-
tion. Definition 2.1giveskeydefinitionsanddefaultparametersrelatedto virtual memory.

Definition 2.1. Definitions for Virtual Memory.

� Page - A fixed-size,aligned,and contiguousportion of virtual memory that is
managedasaunit. Thedefaultpagesizeis 16kilobytes.

� Page Frame - Physicalmemorythat can hold a page. Typically, this refersto
main memory. The numberof pageframestimesthe pagesizeis the sizeof the
mainmemory. Thedefaultmainmemorysizeis 128megabytes.
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� Page Fault - An exceptionthat occurswhena referencedpageis not held in the
main memory. Usually, the operatingsystemstopsthe user-levelprogramthat
faulted,loadsthepagefrom disk into mainmemory,andrestartstheprogram.

� Page Mapping (Placement) - The relationshipbetweenvirtual memory pages
andpageframes.Thepagemappingspecifieswhereagivenpageis stored.

� Page Mapping Function (Policy) - Thealgorithmthatdeterminesthepagemap-
ping.

� Page Replacement - Theremovalof apagefrom mainmemoryto makeroomfor
anewpage.This mayrequirewriting thereplacedpagebackto disk.

	 Page Replacement Policy - The algorithm that choosesthe page(s)that will be
removedfrom main memory. Replacementpolicies tend to choosepagesthat
were not recently referenced.The default is to replacethe least-recently-used
page.

Thegoalof virtual memoryis to providetheuserwith a unifiedview of a largeandfastmemory,
althoughthe physicalmemoryis really structuredhierarchically. Two separateaddressspacesprovide
this view. The userreferencesvirtual addresses while real addresses index into the physically avail-
ablememory. Thevirtual memorysystemmanagesthememoryin pages.At anygiven time, a virtual
memorypagemayeitherresidein a (physical)mainmemorypageframeor it maybeon disk. That is,
eachpagemapsto pageframesin the main memoryor disk memory. Whenthereareno pagefaults,
the systemtranslateseachvirtual (or page)addressto a real (or pageframe) addressand the main
memoryis directly accessed.This addresstranslationis depictedin Figure2.1. Becausepages(frames)
areproperlyaligned,thetranslationdoesnot modify theoffsetof anaddresswithin a page(i.e. thebot-
tom addressbits are unchanged).Translationdoesmodify the upperaddressbits. It determinesthe
pageframecorrespondingto a virtual pageby consultingthepagemapping,oftena page table. Occa-
sionally, the pagetableshowsthat a virtual pageis not containedin the main memory. Then,a page
fault awakensthesystemsoftware,anda pagerearrangementresolvesthe fault. Pagesmay needto be
written-backto thedisk becauseof thepagefault.

Virtual addresstranslationis typically a fully associativemappingof pagesto pageframes. This
meansthatanypagecanbestoredin anypageframein mainmemory. This mappingflexibility allows
thesystemsoftwareto choosemanydifferentmapsof pagesto pageframes. It alsoallowsconsiderable
flexibility in decidingwhich pageswill resideon the disk andwhich will be placedin main memory.
Typically, recentlyusedpagesareheld in themainmemory,andunreferencedpagesresideon thedisk.
With this policy, thepagefault frequencywill below if thereis enoughlocality of reference.Thepage
fault frequencyis a key metric of the performanceof a virtual memorysystem. The moreoften faults
occur,themoreoftenthedisk mustbeaccessed.Sincea disk accessis soslow (millions of instructions
canbeexecutedduringadisk access),pagefaultsmustberarefor goodperformance.

2.3. Set-Associative CPU Cache Concepts

This section summarizeskey conceptsof cachesthat are used throughout this dissertation.
Definition 2.2giveskeydefinitionsanddefaultparametersrelatedto caches.
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Figure 2.1. Virtual to Real Address Translation.

This figure shows the translationfrom virtual addressesto real addresses.The virtual page number
translatesinto a realpageframenumber.
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Definition 2.2. Definitions for Caches.

� Block - A fixed-size,aligned,andcontiguousportionof memorythat is managed
asa unit. A block is similar in function,but is typically muchsmallerthan,a vir-
tual memorypage. In this dissertation,the primary cacheblock size is 32 bytes
andthesecondarycachedefaultblock sizeis 128bytes.


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

� Set - Theblock frame(s)thatcanstoreablock. Eachblock indexesto a particular
set,andonly theblock frameswithin thatsetcanhold theblock.

� Cache Miss - A hardware-handledexceptionthat occurs when the processor
referencesa block that is not in thecache.Thecachereplacesanotherblock from
the sameset,and loadsthe referencedblock 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-
mapped(associativityof one)andtheassociativityof thesecondarycachesrange
from oneto four.

� Indexing (Placement) - The selectionof a setusing index bits from the address
of a reference.If the indexbits comefrom thevirtual (real)address,thecacheis
virtual-indexed(real-indexed). Except for Chapter6, virtual-indexing is used
throughout this dissertation. The virtually-indexed secondary caches use
process-identifier(PID) hashingsothatcommonvirtual addressesdo not index to
the sameset1. Virtual-indexedPID-hashingapproximatesreal-indexing. Note
thatall thevirtually-indexedcachesusedin this dissertationaretaggedwith PIDs,
andthatthecacheentriesarenot flushedat processswitches.

�������������������������������
1. For eachaddressspace(or process)an8-bit PID is exclusive-oredwith theupper(virtual) indexbits to

choosetheset.
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� Block Replacement - Removinga block from thecacheto makeroomfor a new
block. In a write-backcache,this may requirewriting the replacedblock into
mainmemory.

� Block Replacement Policy - The algorithm that choosesthe block that will be
replacedwhenspacemustbe allocated. The default is a randomblock from the
set.

� Write Policy - Decideswhenwritespropagateto the next level in the hierarchy.
Write-throughimpliesthatupdatesimmediatelypropagatewhenanywrite occurs.
Write-back implies that updatesoccur at block replacement. Write-back is
assumedin this dissertation2.

� Multi-Level Inclusion - The propertythat the contentsof a cachecloserto the
processormust always be contained in a cache further from the processor
[BAEW88]. It is particularly useful when maintaining coherencyin a shared
memorymultiprocessoror in the presenceof I/O devices. Inclusionis not main-
tainedbetweenthe primary and secondarycachesin this dissertation,exceptin
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 cachesis considerablydifferent from
the designof virtual memory,however. Hardwaremanagescacheswhile softwaremanagesvirtual
memorymisses.Themajor reasonfor this is, assuggestedin Figure1.1, that thetime for a CPUcache
missis muchlessthanthe time for a pagefault. Softwareinterventionis usefulandaffordablewhena
page fault costs millions of instructions. Software intervention is too slow for cachemisses,so
hardwaremustservicethemasquickly aspossible.A cacheis set-associativeratherthanfully associa-
tive. This meansthat eachcacheblock indexesto a set,and the block canonly be storedin the few
block framesin thatset. Hardwareset-associativityimplementationsallow very fastassociativeaccess
to blocksstoredin thecache.

Figure2.2 showsthe operationof a 2-way set-associativecache. The bottombits of the address
aretheoffsetwithin a block,muchlike thepageoffset. Set-associativity,unlike full pageassociativity,
extractsindex bits from the addressto choosethe setwherethe block will reside. The index bits are
typically in the middle of the address.The cachecomparesthe uppertag bits of the addressagainst
othertagsin theset. Whenthecacheholdsa block, its tagis storedfor latercomparison.Whenthetag
bits of theaddressmatcha storedtag, theblock is in thecache(a hit). Whena referencedblock is not
foundin thecache(a miss),it replacesanotherblock in its setsothat laterreferenceswill find theblock
(laterreferenceswill hit).

Figure 2.2 depictsa two-way set-associativecachebecausethereare two cachememorybanks.
This dissertationalsoexaminesassociativitiesof oneandfour. With 1-way,or direct-mapped,thereis
only a single bank,meaningthat eachblock can only residein a single cacheblock frame. Direct-
mappedis the oppositeendof the associativityspectrumfrom the full associativityof virtual memory.
A 2-way or 4-way set-associativecachehas more mapping flexibility than a direct-mappedcache
�������������������������������

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

This figureshowstheoperationof a 2-wayset-associativecache.Theindexbits choosetheset. Theasso-
ciativematchinghardwaredecidesif thecachecontainstheblock referencedby theaddress.
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becausethereare more frameswherea given block can reside. On the other hand,a direct-mapped
cachecanbefasterthancachesof higherassociativitysinceits designis simpler.

As with virtual memorypagefaults,cachemissestendto occurinfrequentlybecauseof locality of
reference.The more often therearemisses,the moreoften 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 discusseshardwaremonitoring
andanalyticalmodels,andshowsthat trace-drivensimulation is a powerful tool for the performance
analysisof cachememories.

2.4.1. Hardware Monitoring

Themostpreciseway to measurecacheperformanceis to takedirectmeasurementsby monitoring
the operationof a cache. This often involvesmeasurementhardwaredesignedspecificallyfor a given
system. For example,Clark, et al., discussmicrocodehistogramhardwarefor the VAX 11/780and
8800[CLAR83,CLAE85,CLBK88]. Thehistogramcountsdeterminemanycacheperformancemetrics,
including cache miss frequencies,missesper instruction, and cycle time effects on the average
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instruction. Wood describesthe embeddedSPUR monitoring hardware,which also measuresmany
cacheperformancemetrics,but is an internalpart of the SPURcachedesign[WOOD90], ratherthana
plug-in measurementdevice.

Hardwaremonitorsgive themostaccuratecacheperformanceresults,but they arecostly andcan
only measureexisting cache configurations. It is extremely useful to test a range of cache
configurationssincetrendsand fundamentalcacheperformancefactorscanbe determined.Hardware
monitoringmaynot beacost-effectivealternativefor theanalysisof awide rangeof configurations.

2.4.2. Analytical Modeling

Analytical modelingis much lesscostly than hardwareperformancemonitoring, and is flexible
enoughto estimateperformanceovera wide rangeof configurations.Streckershowsthatsimpleequa-
tionscanpredictcachemissratioswith differentprocessswitching[STRE83]. Haikalaestimatescache
performancewith processswitching using a Markov Chain model, given the LRU stackdistribution
[HAIK 84]. Smith andGoodmanusea loop referencemodel to predict instructioncacheperformance
and show that set-associativitycan be better that full associativity[SMIG85]. Thiebautand Stone
developanalytical techniquesto estimatethe cachefootprint left by an executingprocessfor use in
predicting cacheperformancewith processswitching [THIS87]. Voldman, et al., [VOMH83] and
Thiebaut[THIE88,THIE89] showthat fractal analysiscanpredict cacheperformance.Agarwal, et al.,
developa modelthatcountsstart-up,non-stationary,andinterferenceeffectsoncacheperformanceesti-
mates[AGHH89]. Singh, et al., use empirical curve-fitting to predict cacheperformance[SIST88].
Higbie developsacacheperformancemodelbasedon rules-of-thumb[HIGB90].

Theproblemwith thesemodelsis that it is difficult to establishconfidencein their resultswithout
direct comparisonto more accurateresults. Analytical modelsare most useful when they increase
understandingand intuition. For example,simple rules-of-thumbsuchas ‘‘The miss rate of a direct-
mappedcacheof sizeX is aboutthe sameasa 2-way set-associativecacheof sizeX/2’’ [HENP90] or
‘‘Doubling thecachesizedecreasesthemissrateby 25%’’ [HIGB90] aregoodfirst-cutapproximations,
even if they are not always correct. Analytical models may not be appropriatewhen accuracyis
required,but theyareusefulwhenmoreaccurateworkloadmodelsarenot 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-drivensimulation,includingSmith’sexcellentsur-
vey [SMIT82]. In the process,it hasbeenestablishedaspowerful tool for cacheperformanceevalua-
tion.

Figure2.3 depictsthe productionof trace-drivensimulationcacheperformanceresults. The idea
is to capturetheprocessor-memoryreferencesunderrealisticconditions,thenfeedthereferencesinto a
cachesimulator. The first, andmost important,phasein the processis gatheringthe tracedatafrom a
given workload. This is doneby the trace-gatheringmechanism,a componentof the tracedsystem.
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The tracedatadescribesthe memoryreferencebehaviorof the processor,andmay be storedfor later
use. Thesimulatorsof thesecondphaserecreatethememoryreferencesusingthetracedata.
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Figure 2.3. Trace-Driven Simulation.

Thisfigureshowsthemajorcomponentsof anytrace-drivensimulationstudy.
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Thesecondphaseof trace-drivensimulationis the generationof 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 extractseachreferencefrom the traceandsubmitsthemto the simulatedcache,just
asthe real referencesaresubmittedto the real cache. The simulatorstepsthroughthe actionsthat the
cachethe cachewould execute,so thecacheperformanceestimateof thesimulatoris anaccurateindi-
catorof cacheperformancefor the tracedworkload. By varying thesimulatedcacheconfiguration,the
simulatorcancapturetheperformanceof manycaches.

The next two subsectionsdescribepreviouswork relatedto the tracegatheringandusagephases
of trace-drivensimulation.

2.4.3.1. Gathering Address Traces

It is unfortunatethat the most important componentof any trace-drivensimulation study, the
tracesthemself,receiveso little attentionin the literature. Any trace-drivensimulationis only asgood
asthe traces;it is importantto gathertracesthat properlycharacterizethe workloadsof the simulated
machine. Although all sequencesof memoryreferencestendto exhibit locality of reference,the exact
memoryreferencebehaviorcontainedin a tracehasa largeeffecton cacheperformance.Clark, et. al.,
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showthat trace-drivensimulationperformanceestimatescanbe optimistic becausecompletememory
referencebehavioris not availablein the traces[CLAE85]. Smith warnsthat trace-drivensimulation
resultsvary greatlyfor differentarchitecturesandworkloads[SMIT85]. It is usefulto obtaintracesfrom
avarietyof workloadsto determinetheir differencesandcacheperformanceeffects.

Many traceshavebeengatheredby eithersimulatingarchitecturalbehavioror steppingthrough
the executionof a programusing operatingsystemfacilities to control the executionof a program.
Entriesarewritten into the traceat eachexecutionstep,correspondingto programexecution.Thesim-
plicity of thesetechniquesis useful,but it is time-consumingto gatherthesetraces,andmaybedifficult
to include operatingsystemor multiprogrammingreferences.Agarwal, et al., arguethat hardware
microcodemodificationscanbeaneffectivemechanismto gathertracesthat includeall references,user
and operatingsystem[AGSH86,AGAR87,AGHH88]. Altered microcodewrites out trace entries for
eachexecutedinstruction. Since the hardwaremechanismrequireslittle softwaresupport,operating
systemreferencescanbetraced. Agarwal,et al., showtheimportanceof operatingsystemreferencesto
correctly predict cacheperformance:operatingsystemreferencesaresignificantly different from user
references;they may increasethe cachemissesin trace-drivensimulationby 50% [AGHH88]. While
this is an importantachievement,the difficulty is that the microcodemodificationscanbe expensive,
inflexible,andareonly usefulfor microcodedmachines.

Borg, et al., developedan alternativetracing techniquethat usescodemodificationto tracepro-
grams[BOKL89,BOKW90]. The applicationcodeis modified to output tracedataat specificpoints.
The main advantageof code modification is that it can be implementedentirely in software,no
hardwarechangesarerequired. This mechanismgatheredthemulti-billion-instructiontracesdescribed
in Chapter3. Properlyinterleavedmulti-processtracedatacanbecollectedby codemodificationwith
operatingsystemandcompilersupport. With thecodeof theoperatingsystemalsomodified,operating
systemreferencescan even be gathered. Using similar techniques,Stunkel and Fuchscollect and
analyzemulticomputertraces[STUF89,STJF91]. Eggers,et al., [EGKK90] describea tracingscheme
that (using compiler dataflow analysis)requiresfewer traceentriesthan the two previousschemes,
similar to the Abstract Execution of Larus [LARU90]. PFC-Sim also eliminates many entries
[CAKP91]. Theadvantageof fewertraceentriesis lower tracestoragerequirementsandlessexecution
time distortion. Thedisadvantageis thattracedatainterpretationis morecomplex.

Much tracedatastorageis requiredto collect the long tracesneededto analyzemulti-megabyte
caches.Samplesintroducedan effective compressiontechniqueto reducetracedatastoragerequire-
mentswithout information loss [SAMP89]. It combinesZiv-Lempel [WELC84] compressionwith dif-
ferencingof the tracedata,giving dramaticstoragespacereductionsfor traces.A variantof this tech-
nique,describedin Chapter3, compressesthetracesusedin 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 referencesto the most-recently-used
items,while the snapshotmethodeliminatesmanytime-contiguousreferences.The ideais that many
most-recently-usedor time-contiguousitemswill hit in the cacheanyway,so thereis no needto simu-
latethem;all that is neededis a properestimateof thenumberof missesin a trace. Puzak’strace (tape)
stripping [PUZA85] is stack deletion (restrictedto one most-recently-useditem) for set-associative
caches.Referencesarestrippedawayby simulatingthe full traceon a small direct-mappedcacheand
recordingonly themisses.Puzakshowedthat,providedsomerestrictionsareupheld,thestrippedtrace
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producesthe samenumberof set-associativecachemissesas the full trace. Wang and Baer subse-
quently extended trace-stripping for write-backs and multiple block sizes [WANG89,WANB90].
Agarwal and Huffman introducea techniquethat eliminatesreferencesby exploiting spatial locality
[AGAH90].

Samplingtechniquesalsoreducetracedatarequirements.Their cost is alsoan information loss.
Puzakintroducedset sampling (congruenceclasssampling),which eliminatesall full tracereferences
exceptthoseto thesampledsets. Thesampledsetsestimatetheperformanceof all cachesets. Laha,et
al. [LAPI88] advocatetime sampling, usingmanyshort time-samplesof a full traceto estimatecache
performance.Individual time-samplescan be statisticallycombinedto producea picture of the full
trace. Chapter4 analyzesbothsetsamplingandtime samplingin detail.

2.4.3.2. Cache Analysis Using Address Traces

Many previousstudiesof uniprocessorcacheperformanceusedaddresstraces,far too many to
referencethemall in this document.For oneexample,the first paperdescribingthe detailsof a CPU
cache,the one describingthe IBM 360 Model 85 cache[L IPT68], included trace-drivensimulation
resultsto validatetheir designchoices. In anotherexamplestudy,KaplanandWindershowtheperfor-
mancetradeoffsof different cacheconfigurations[KAPW73]. A milestonein CPU cacheresearchwas
reachedwith thesurveyof Smith [SMIT82]. This surveyexaminesmanybasicaspectsof cachedesign,
including replacementpolicy, write policy, block size,andvirtual versusreal indexing. Theblock size
analysiswaslater expanded[SMIT87]. Smith alsopresentsanextensivebibliography[SMIT86] of stu-
dieson thetopic of CPUcaches,manyof thesepapersaredescribedin his survey.

EastonandFaginpoint out a dangerof trace-drivensimulation:the cold-startproblem[EASF78].
When tracesare short, cacheinitialization effectsmay dominateperformance,particularly with large
caches.Sincethemulti-megabytecachesconsideredin this dissertationexacerbatethecold-startprob-
lem over that of smallercaches,Chapters3 and4 payparticularattentionto cold start. Exceptin Sec-
tion 4.3,all missfrequencyresultsgivenin this dissertationarecold start,that is, theyassumethecache
startsfrom the emptystateat the beginningof a simulation. Cold-startbiasesthe resultsby at mosta
few percentbecausethetracesthatareusedarevery long.

Recentstudiesby Hill [HILL 87,HILL 88] and Przybylski, et al. [PRZY88,PRHH88] characterize
the performanceof various cacheconfigurations. They point out that higher associativitydoesnot
necessarilymeanbetterperformancesincemoreassociativitymay increasethe time it takesto retrieve
datafrom thecache.Hill andSmith [HILS89]furtheranalyzeassociativityby classifyingmissesasone
of threetypes:conflict, capacity,or compulsory.Conflict missescouldbeeliminatedwith higherasso-
ciativity andserveasa measureof thepotentialusefulnessof associativity.Capacitymissesaredueto
limited cachesize,andcompulsorymissesaredue to the first referencesto cacheblocks. Przybylski
hasalsoexaminedtheimpactof differentblock sizesandfetchpolicies[PRZY90].

Przybylski,et al. furtherpoint out that thereis a limit on theaveragespeed(hits andmisses)that
canbe achievedwith a singlelevel cache[PRHH88]. While largercacheshavefewermisses,they are
slower. Beyondsomepoint,multi-level cachingis requiredto improveaverageaccesstime.

Short and Levy presentsimulation resultsof multi-level cacheconfigurations[SHOL88]. The
resultsshowthatmultiple levelscachesgive goodperformanceandthatwrite-backcachesmaygive the
highestperformance.Baer and Wang [BAEW88] presentthe necessaryrequirementsto implementa
very restrictiveform of inclusion in a cachehierarchy.Thestudyof multi-level cacheconfigurationsby
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Przybylski, et al., [PRHH89] points out that the frequencyof cachemissesin a secondarycacheis
largely independentof the lower level cachesprovidedthe cacheis sufficiently largecomparedto the
sizeof the upstreamcaches(abouteight times). They alsomentionthat secondarycachesneednot be
asfast asprimary caches(sincethey arenot accessedon all memoryreferences).Higherassociativity
andlargercachesizeis moreusefulin secondarycachessinceslowerdatawithdrawalcanbe tolerated
to reducethe frequencyof misses.Slow implementationsof associativitymayevenbeusefulin secon-
darycaches,aspointedout by Kessler,et al., [KEJL89]. Wang,et al., [WABL89] presentorganizational
details and simulation resultsof a multi-level virtual-real cachehierarchythat maintainsinclusion.
Borg, et al., presentsimulationresultsof multi-level cacheconfigurationswith multi-megabytecaches,
andshowthat long tracesareusefulfor the analysisof largecaches[BOKL89,BOKW90]. Mogul and
Borg further considerthe costsof contextswitching in large caches[MOGB91]. Bugge,et al., also
analyzedesignconsiderationsof largecaches[BUKB90]. Mudge,et al., alsodiscusssomecachedesign
considerationsof a high-performanceuniprocessor[MUBB91,OLMB91]. Chapter5 discussesmanyof
thesedesignconsiderationsfor multi-megabytecaches.

2.5. Cache Performance Metrics

With a multi-level cachehierarchy,an analysisof the performanceof the configurationcan be
difficult becausetherearemanycomponents.Eachcomponentof thememorysystemhasanimpacton
overall performance;thus,a performancemetric that canisolatetheeffectsof eachis needed.Optimi-
zationof theperformancemetric alsoshouldcorrespondto minimizationof the total executiontime of
theworkload.

Figure2.4 depictsthe relationshipbetweenfour different cacheperformancemetrics. Miss ratio,
the cachemissesdivided by the numberof times the cacheis referenced,is the mostcommonlyused
one. Miss ratio is asimpleandintuitive measureof theway a cacheis performing. Unfortunately,miss
ratio is often inadequatefor optimizing cachedesigns;minimal missratio doesnot imply maximalper-
formancebecausemissratio doesnot factor in cachetiming parameters(hit andmisstimes)andusage
frequency(howoftenthecacheis referenced).

Effective accesstime is a measureof the averageamountof time requiredto accessa memory
locationusinga cache. It addstiming informationto themissratio estimate.Effectiveaccesstime is a
superior metric to compare different cache configurationswhen the timing changesfrom one
configurationto thenextone:a lowereffectiveaccesstime impliesbetterperformance.

Thougheffectiveaccesstime curesoneproblemwith missratio, it alsomaybeinadequate,partic-
ularly for cacheconfigurationswith multiple cacheslike the multi-level cachehierarchyexaminedin
this dissertation.The problemwith effectiveaccesstime is that it doesnot considercacheaccessfre-
quency. Consequently,it may not gaugethe effect of a cacheon overall systemperformance.For
example,a secondarycachemayhavea considerablyhighereffectiveaccesstime thana primarycache.
This doesnot meanthat thesecondarycachesareperformingmorepoorly thantheprimarycaches.On
thecontrary,secondarycachemissesmaystill havea smallereffecton the executionspeedof the pro-
cessorbecausetheprimarycachesarereferencedmuchmorefrequently.

This dissertationusesthe performancemetricsshownon the right sideof Figure2.4, misses per
instruction MPI andstall cycles per instruction SCPI, becausetheycorrectlyfactor in the frequencyof
the cacheaccesses.This is essentialwhenconsideringthe multiple cachesof a multi-level hierarchy.
SCPI measuresthe averageimpactof cachemisseson the executionof eachinstruction. SCPI is one
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Thisfigureshowstherelationshipbetweenfour alternativecacheperformancemetrics.
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componentneededto estimateCPI, or the averagecyclesrequiredto executeeachinstruction. (Hen-
nessyandPattersonuseSCPI to calculateCPI in this way [HENP90].) It putseachof the instruction,
data,andsecondarycachesin their properperspectivein thehierarchyasa whole; it allows theperfor-
manceeffectseachcacheto becomparedwith theothercaches,andwith alternativeimplementationsof
thesamecache.

Chapters3 and4 focuson techniquesto estimateMPI. MPI is importantbecauseit, alongwith
timing information, is neededto calculateSCPI. Chapter5 addsin timing to the MPI estimates,pro-
ducingSCPI, so that alternativecachedesignscanbe compared.This dissertationthenreversesitself
(from a metricsstandpoint),andChapter6 focusesagainon MPI. Chapter6 considersonly software
techniquesto improvecacheperformance;the timing analysisis not requiredbecausesoftwarecannot
changethehardwaretiming.

This dissertationusesa simpleSCPI calculation. EachCPU cachein the hierarchyaddsa com-
ponentto thetotal SCPI:

SCPIi = MPIi × Tmissi . (2.1)

MPIi is themissesper instructionfrom cachei andTmissi is theaveragetime takento servicemiss(in
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cycles)in cachei, themiss penalty3. Thetotal SCPI for ahierarchicalcacheconfigurationis:

SCPI =
i∈HIERARCHY

Σ SCPIi (2.2)

with i rangingoverthecachesin thehierarchy. For thetwo level configurationin this dissertation(Fig-
ure1.1on theright):

SCPI = SCPIICACHE + SCPIDCACHE + SCPISCACHE .

It measuresthe averagecycleslost becauseof cachemisses,an importantcomponentof the execution
time of a tracedworkload. SCPI is closelyrelatedto the CMC of [BUKB90]. Ideally, SCPI shouldbe
small relativeto theaveragecyclestakento executeeachinstruction,sotheprocessorspeeddetermines
theexecutionspeed.With a high SCPI, systemspeedwould bedominatedby thememorysystemper-
formance,ratherthantheprocessorperformance.

Note that the calculationof SCPIi in Equation2.1 assumesa constantmiss penalty. This is an
approximationof the true effectsof eachmiss. In particular,the costsof write-backsarenot modeled.
A write-buffer thatperformsthewrites‘‘in thebackground’’is assumed;it allowstheprocessorto con-
tinue while the write is being completed. Without a write buffer, the performanceloss from dirty
misseswouldbehighersincethedirty block needsto beremovedbeforethenewoneis fetched. With a
write-buffer, the processorneedonly stall whenthe write-buffer is not successfulin hiding the latency
of thewrite. In theSCPI calculation,a perfectwrite-bufferis assumed.This assumptionis realisticfor
largewrite-buffers[PRHH89].

Theweaknesswith this calculationof SCPI is that it doesnot countsomeimportantmemorysys-
temperformanceeffects. For example,I/O latenciesto supportvirtual memoryareneglectedto restrict
the scopeto CPU cacheperformance.SCPI may include miss latenciesthat could be eliminatedby
overlappingwith otheroperations.This dissertationdoesnot considerlockup-freecaches,which allow
misslatenciesto beoverlappedwith othercachehits [KROF81,SOHF91]. It alsodoesnot considerthat
on a cachemissthe requesteddatacouldbereturnedfirst, satisfyinga referenceearlyandallowing the
processorto continueratherthanwaiting for anentirecacheblock to befetched,which alsoallowsmiss
latenciesto beoverlapped.This overlappingcouldmakeTmiss apessimisticestimateof theactualtime
for a miss;consequently,SCPI would bepessimistic.On theotherhand,SCPI alsomaybeanoptimis-
tic estimateof CPU cacheperformancesincecontention(becauseof dynamicmemoryrefresh,or I/O
requirements)for memoryresourcesis not factoredinto Equation2.1. That is, queueingdelayfor main
memoryis not considered.Contentioncouldincreasethetime for a cachemiss,makingbothTmiss and
SCPI optimistic.

Despiteits shortfalls,SCPI is a powerful CPU cacheperformanceanalysistool for multi-level
cachehierarchies.First, it is simple,andcanbecalculatedwith only the MPI andTmiss of eachcache
in theconfiguration. SCPI abstractsmanyimplementationdetailsof a realsystem.Theresultsarenot
dependenton theissuerateof theprocessor,for example,sotheyareequallyvalid for asuperscalarpro-
cessorasonethatcanonly issueasingleinstructionpercycle. Despiteits abstraction,SCPI is a reason-
able estimatorof the overall performanceof a given CPU cacheconfiguration. Anotheradvantageis
thatbreakingSCPI into its constituentsisolatestheimportanceof eachcomponentto thesystemperfor-
manceasa whole. The relativemagnitudeof eachcomponentof SCPI emphasizesthe importanceof
�������������������������������

3. Themisspenaltyof theprimarycachesis thetime for asecondarycachehit.
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thecorrespondingcachemissesto overall systemperformanceandcanbeusedto direct efforts toward
performanceimprovement. By abstractingdetails,SCPI allows attentionto be narrowedto the most
fundamentalfactorsin cacheperformance.

In this study, TmissICACHE = TmissDCACHE = 10 cycles. TmissSCACHE will rangefrom 30 to 200
cyclesfor different cacheconfigurations,with a defaultof 100. The defaultparameters,for example,
couldcorrespondto a processorwith a 5-nanosecond(ns)cycletime, where50-nsis requiredto transfer
a 32-byteblock from the secondaryto the primary caches,and 500-nsis requiredto transfera main
memoryblock of 128-bytesto thesecondarycache,asdepictedin Figure1.1.

2.6. Statistical Techniques

Statisticaltechniquesareusedfor two purposesin this dissertation:(1) to measuresamplingerrors
(in Chapter4); and(2) to establishthelevel of confidencein results(Chapter4 andAppendixB).

Chapter4 usesseveralsamplingerrormeasurementtechniques,dependingon thesituation. When
thereis only a singleestimatethat is to becomparedto a truevalue,a gooderrormeasureis therelative

error:
MPItrue

(MPIestimate − MPItrue) ! " " " " " " " " " " " " " " " " " , whereMPItrue is the true value and MPIestimate is the estimate. When

therearemultiple estimates,abettermeasureis thecoefficientof variationof theestimates:

CV =
MPItrue

√n
1#$#

j =1
Σ
n

(MPIj − MPItrue)2

% %"%"%"%"%"%"%"%"%"%"%"%"%"%"%"%"%"%"%"%"%"% , (2.3)

whereMPIj is the j-th of n estimates.This coefficientof variationis usedto measuretheaveragesam-
pling errors in this dissertationwhen all n = N out of N possiblesamplesare available, or when

n
1&!&

j =1
Σ
n

MPIj = MPItrue. The coefficientof variation is the standarddeviation(or the root-mean-squared

error)dividedby themean.

Whensamplingis usedin practice,MPItrue is estimatedwith MPImean =
j =1
Σ
n

MPIj, wheren is the

numberof estimatesgathered(n ≤ N). To establishconfidencethat MPImean is nearMPItrue without
knowingthevalueof MPItrue, it is usefulto calculatea 90%confidenceinterval. Chapter4 andAppen-
dix B usesimplestatisticaltechniquesto calculate90%confidenceintervalsfor MPItrue, assumingthat
the MPIj estimatesarenormally distributedand independent4. To calculatethe confidenceintervals,
thecoefficientof variationof themeanof a sampleof sizen from a (possibly)finite populationof size
N is first estimated:

CVESTmean =
MPImean √

' '
n

√n − 1
1()("("("(

j =1
Σ
n

(MPIj − MPImean)2

*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"*"* √N − 1
N − n+,+"+"+"+ . (2.4)

This equationcalculatesCVESTmean (the estimatedcoefficientof variation of MPImean) similar to the

way Equation2.3 calculatesCV, but it reducesit by a
√
- -
n

1. .".". factor becauseMPImean is the meanof n

/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/
4. Thecentral-limit theoremsuggeststhat the normalassumptionis accuratewhenthe samplesize(n) is

large,or whenMPI
j is thesumof manyrandomvariables[M ILF77].
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MPIj ’s. √N − 1
N − n0,0"0"0"0 is a finite populationcorrectionfactor [M ILF77], which is only neededwhen n is

closeto N, becausein othercasesit is closeto one. Note that this correctionimplies that CVESTmean

approacheszero as n approachesN becauseMPImean = MPItrue when n = N. (This correctionis not
neededin Appendix B becauseN is very large.) If CVESTmean were exact, the normal distribution
would be directly used to estimateconfidenceintervals, but since CVESTmean is an estimate,the
student-tdistributionis used. Using thestudent-t,MPItrue is bounded(with 90%confidence)belowby
MPImean(1 − t 90%,n −1CVESTmean) and aboveby MPImean(1 + t 90%,n −1CVESTmean). t 90%,n −1 is the
value of the student-tstatistic that hasa tail of 5% (on eachend) for n − 1 degreesof freedom. For
example,t 90%,n −1 = 1.833for n = 10. Note that theconfidenceinterval is centeredaroundMPImean. If
the MPIj estimatesarenearlynormally distributed,or if n is large,MPItrue will bewithin this interval
90%of thetime.

2.7. The Trace-Driven Simulation Environment

Trace-drivensimulationprovidesaccurateresultsfor a varietyof cacheconfigurations,but its cost
is large simulation times, particularly for the tracelengthsneededwith multi-megabytecaches.One
alternativefor moreefficientsimulationwould beto useanalgorithmthatproducesmanyresultswith a
singlepassthroughthe tracedata. This algorithm,calledstack simulation, waspioneeredby Mattson,
et al., [MAGS70]. ThompsonandSmith extendedstack-simulationso that write-backtraffic could be
calculated,in addition to the miss ratio [THOS89]. Concurrently,Hill andSmith alsoextendedstack
simulation in several ways [HILL 87,HILS89]: forest simulation gathersresults for several direct-
mappedcachesconcurrently,andall-associativity simulation simulatesmultiple set-associativecaches
concurrently. Wang and Baer combinedtheseextensions,introducingan all-associativitysimulation
algorithmthatproduceswrite-traffic resultsin additionto missratios[WANG89,WANB90].

Thesesimulationtechniquescanreducesimulationtimes,but theyhavea cost. Onedisadvantage
is their increasedcomplexity. Also, thoughstacksimulationhasbeenextendedfor write-backtraffic in
additionto missratios,it still restrictstheperformancemetricsthatcanbegatheredduringa simulation.
Another disadvantageis their large memory requirements.Memory requirementsare particularly
importantwhensimulatingmulti-megabytecaches;theycanevendominateotherconcerns.

An alternativetechniquefor fastsimulationtakesadvantageof thehomogeneityinherentin multi-
ple simulationsof hierarchicalcacheconfigurations.Sincethe primary cacheconfigurationis constant
throughoutthis dissertation,andits behavioris oftenindependentof thesecondarycacheconfiguration,
multiple secondarycachescanusuallybesimulatedwhile simulatingtheprimarycacheonly once. Fig-
ure2.5depictsthis idea. Sincetheprimarycachessatisfymostof thereferences,mostof thesimulation
time is spenton the primary caches.Eliminating thesesimulationsis a big savings. Many secondary
simulationscanbecompletedwith a singleprimarysimulation. A concernwith this implementationis
that the simulatorrequiresa largeamountof 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.

Thehomogeneityin Figure2.5 savesmuchsimulationtime at no accuracyloss. The sameeffect
could be extractedby savingprimary cachemisses(andwrite-backs!) whensimulatingonly the pri-
mary caches,andlater simulatingthe secondarycachesusing the savedreferences.This extractionis
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Figure 2.5. Simulation of Homogeneous Hierarchical Configurations.

This figureshowsthestructureof thesimulator. A singlepair of primary cachesis simulated,ratherthan
one for eachsecondaryconfiguration. The secondarycachereferences(from primary cachemisses)are
submittedindependentlyto eachsecondarycache,andresultsareobtainedfor each.
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cumbersomewhentherearemanyintermediatetraces,asis truefor thesimulationsin Chapter6, where
eachtraceis modifiedby manydifferent virtual to real addresstranslations,producingmanydifferent
traces. Anotherproblemwith savingthe intermediatetracesis that primary cachesimulationsarenot
alwaysthesamefor all hierarchicalconfigurations.For example,whenenforcinginclusionbetweenthe
primary andsecondarycachelevels (seeChapter5), the primary cachebehaviorwill be different for
eachsecondarycache,anda brute-forcesimulationof eachtwo-level configurationis requiredfor pre-
cise results. The simulator in Figure 2.5 can adaptto the inclusion caseby simulatingonly a single
secondarycacheconfigurationwith eachprimarycachesimulation,while an intermediatetraceis com-
pletely inadequatefor this case. Alternativetechniquesneedto be usedto speedup simulationswhen
thereis noprimarycachehomogeneityfor differentsecondarycaches.

Parallelismacrosssimulationsfurtherreducesthesimulationtime beyondthehomogeneityof pri-
mary caches.To usethis effectively, multiple processorsarerequired. Fortunately,the University of
Wisconsinhasa powerful tool thatallowsidle workstationsto beused,calledCondor[L ILM88]. Con-
dor monitorsall the workstationsin the ComputerScienceDepartment.Userssubmit jobs to Condor,
andthejobsareexecutedwhenanidle workstationbecomesavailable. Exceptduringpeakhoursof the
day, Condorwasconsistentlyable to provideaccessto moreprocessorsthanwasneededto complete
the simulationsneededfor this dissertation.The only interruptionsin serviceoccurwhenusersreturn
to idle workstations,in which caseCondor retreatsto a previouscheckpointand restartsthe job on
anotheridle workstation.

Figure 2.6 depictsthe parallel condorconfiguration. The arrowsshow the trace data flow. A
monitor processon the singlehomeworkstation(Ham-And-Cheese)continuouslyreadstracedataoff
tapeandstages(caches)it in a disk. While executingon idle workstations,thesimulatorsreadthetrace
dataoff the stagingdisk andacrossthe networkto do the simulations. The monitor processmanages
thesynchronizationsothatthecorrecttracedatais stagedalways.



-- --

20

3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3

Network
.
.
.

Idle Workstation

Idle Workstation

Ham-And-Cheese

Simulator

Simulator

Monitor

Staging
Area

TraceData

Figure 2.6. Parallel Simulation with Condor.

This figure showsthe architectureof the parallel trace-drivensimulationenvironmentwith Condor. The
arrowsshowthetracedataflow.
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As manyastwenty idle workstationscanbe usedwith the Condorenvironmentshownin Figure
2.6. Usingtheprimarycachehomogeneityoptimizationwith theparallelismof Condor,resultsfor hun-
dredsof hierarchicalconfigurationscould be gatheredin nearlythe sameamountof time neededfor a
single naive simulation. A large bottleneckin this parallel designis the single processorthat is the
sourceof the tracedata. Readingthe dataoff the stagingdisk and transferringit over the network
requiresmuchcomputation.Most often,however,this did not limit thesimulationspeed.Thebiggest
bottleneckwasthesingletapedrive. It wasnot feasibleto usemanualinterventionto switch tapes,so
eachtapewould monopolizethe tapedrive for extendedperiods. Sinceonly a singletracewasstored
on eachtape,all simulationsrunningat thesametime hadto usethesametracedata. Often,therewas
not enoughparallelismwithin a single traceto utilize the parallel Condorsystemfully. Simulations
usingonetapehadto becompletedbeforethenexttapewasinsertedto startanewbatchof simulations.

This parallelsimulationenvironmentwasextremelyuseful.Without it, manyresultsin this disser-
tation would not beavailable. Severalyearsof simulationwerecondensedto a few monthswith Con-
dor.

2.8. Conclusions

This chapterfirst definesand describeskey definitions of virtual memory and cachesused
throughoutthis dissertation,togetherwith the assumeddefaultparameters.Then,it surveysthe state-
of-the-artresearchregardingcacheanalysisanddesign. Sincememorysystemperformancehassucha
dominanteffect on overall systemperformance,it hasbeenexaminedby many previousresearchers.
The importanceof trace-drivensimulation has beenestablished.This dissertationusestrace-driven
simulationextensively;it overcomesthelimitationsof previoustrace-drivensimulationstudies. In par-
ticular, Chapter3 discussestracesthat removethe length andsize limitations of previoustraces,and
Chapter4 examinestrace-samplingtechniquesthatcanreducetrace-drivensimulationresourcerequire-
ments.
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This chapterdescribesthecacheperformancemetricsusedthroughoutthis 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 considersthe timing informationneededfor comparisonof alternativecache
configurations.This chapteralsodiscussesthestatisticaltechniquesusedin Chapters4 and6. Finally,
it describesa parallel trace-drivensimulationenvironmentthat allows for rapid accumulationof trace-
drivensimulationresults. Theenvironmentallowshundredsof simulationsto becompletedin thesame
time that only a singlesimulationcould otherwisebe completed.Chapters5 and6 could not becom-
pletedwithout thesimulationcapabilitiesdescribedin this chapter.
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Chapter 3

LongTracesFor CacheAnalysis

3.1. Introduction

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

This chapter builds on the trace-gatheringmechanismdevelopedat The Western Research
Laboratory of Digital Equipment Corporation [BOKL89,BOKW90]. This mechanismuses new
software-basedtechniquesto gathermassiveamountsof tracedata. Tracecompressionis addedto the
tracegatheringmechanismso that evenbillions of instructionscanbe efficiently storedon tape. The
tracescomefrom memoryintensive(by the standardsof today)workloads,with a working setof 40-
megabytesto 100-megabytes.This chaptershowsthat the tracesaresuitablefor theanalysisof caches
up to 16-megabytesbecausethey overcomecacheinitialization andcapturemany programexecution
phases.

Section3.2 of this chapterdiscussesthe tracegatheringmechanismandissuesrelatedto it, with
the tracecompressiontechniquesoutlinedin detail. Section3.3presentsthetracedworkloads. Section
3.4 showsgeneralcharacteristicsof the traces,including miss frequenciesof multi-megabytecaches.
Section3.5 showsthat long tracescapturemanyphasesof executionthat introducesubstantialvaria-
tions in cacheperformance,evenoverexecutionintervalsof 100million instructionsor more. By cap-
turing thesephases,long tracesaccuratelycharacterizethe entireexecutionof a workload,ratherthan
just a portion of the execution. The samesection also shows that a trace of a billion or more



-- --

23

instructionsmaybeneededto initialize multi-megabytecacheconfigurationsfully.

3.2. The Trace Gathering and Storage Mechanism

Thefirst partof this sectiondiscussesthemechanismusedto collect thetracesusedin this disser-
tation. The sectionthendescribesthedatacompressiontechniquesusedto minimize thestoragespace
requiredby thetraces.It alsogivestheformatof thestoredtracedata.

3.2.1. Gathering Long Traces

Whengatheringmemoryaddresstraces,theendgoal is to extractanaccuraterepresentationof the
memoryreferencesof anappropriateworkloadefficiently. A largepartof thedifficulty of this process
is to capturethe tracewithout distorting the true characteristicsof the workload. One would like to
includeall referencesin thetrace,userandoperatingsystem.This givesthemostrealisticcharacteriza-
tion of systemmemoryreferencebehavior.

It is difficult to gathertracesthat includeall references.Oneway is to simulatethesystem.Given
the sourcecodefor the operatingsystemandthe capability to simulatethe hardware,the entireexecu-
tion of thesystemcouldbesimulated.This simulatorcouldthenbemodifiedto write tracedatacaptur-
ing the memory referencebehaviorof the simulatedprocessor.While it is possibleto build sucha
simulator,it would becomplex,andit would run muchslowerthantherealmachine.Properlysimulat-
ing time-dependentevents,suchasinterrupts,couldbedifficult.

Hardwaretracingschemescangathertraceswith lessexecutiontime distortion. A goodexample
is theATUM (AddressTracingUsingMicrocode)scheme[AGSH86]. ATUM modifiedthemicrocode
of a DEC VAX 5 processorsothatentriesarewritten into a trace buffer aseachmemoryreferenceexe-
cutes. Thesehardwaremodificationsdistort theexecutionspeedof theprocessorby only a factorof ten
when tracesare gathered. While ATUM can quickly gather tracesthat closely representthe true
memory referencesof the processor,a seriousrestriction of the ATUM approachis the finite trace
buffer,which limits thelengthof thetracesthatcanbegathered.This techniquegatheredtracesof only
500,000memoryreferences[AGSH86]. ATUM is appropriatewith microcodedprocessorswhenthese
lengthsare adequate,but it is inadequatefor the tracelengthsrequiredwith multi-megabytecaches.
The most critical deficiency of ATUM, however, is that it is completely unacceptablefor an un-
microcodedprocessor,asin this study.

Anita Borg andDavid Wall at DEC WesternResearchLaboratory(WRL) developeda software
technique(morecompletelydescribedby Borg, et. al [BOKL89]) to gathertracesfrom theWRL Titan
[NIEL86], a ‘‘RISC’’ machine. The Titan runsa modifiedversionof the Unix6 operatingsystem. The
mechanismusedto gatherthetraceswascodemodification. Changesweremadeto thesystemsoftware
of the Titan, namelythe operatingsystemandthe compiler,to gatherthe traces.The compilercreates
traceableversionsof applicationswith a specialflag. This specialcompilationmodifiesthecodesothat
specialprocedures,trace procedures, executeat appropriatepoints. Theseprocedureswrite information
in a tracebuffer (of 32-megabytes)so that thememoryreferencebehaviorof thegivenprogramcanbe
reconstructed.Figure3.1 showshow the expandedcodewrites traceentriesat the beginningof each
basicblock of instructions7 andbeforeeachloadandstore. Sinceloads,stores,andinstructionfetches
5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5

5. Digital EquipmentCorporationTrademark.

6. AT&T Bell LaboratoriesTrademark.
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aretheonly memoryreferencesmadeby theTitan, eachmemoryreferenceis accountedfor, thoughthe
exactpositioningof loadsandstoreswithin basicblocksis not specifiedby thetracedata8.
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Original Code:
loc1: Load R3,12(R5)

Sub R5,R5,R2
Add R4,R4,R3
Store 8(R5),R4
Branch R5,loc3

loc2: Sub R6,R6,R2
...

Expanded Code (Symbolic):
new_loc1: Call Trace_Inst(5,loc1)

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_loc3

new_loc2: Call Trace_Inst(8,loc2)
Sub R6,R6,R2
...

Figure 3.1. Code Expansion For Tracing.

This figureshowsanexampleof thecodemodificationsof a hypotheticalmachinethatwould occurwhen
tracing an applicationby code modification. The original code is at the top and the traceablecode is
below. Traceablecodeon the Titan is abouta factor of two larger than the original codeand executes
abouttentimesslowerwhentracing.
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Tracingby codemodificationretainsmanyadvantagesof theATUM tracingtechnique,including
a modestexecutiontime distortionof only a factorof 10,sincecodemodificationon theTitan is similar
to microcodemodificationon the VAX. Both tracingmechanismswrite information into a fixed size
tracebuffer to reconstructthe memoryreferencebehaviorof the processor.All traceduserprocesses
write in thesametracebuffer; the traceis orderedin thesequencethat thememoryreferencesexecute.
The differenceof this techniquefrom ATUM is that modifiedcodeis moreflexible andcando many
morethingsthanthe modifiedmicrocode. Carefully craftedtraceprocedures,with the modifiedTitan
kernel,managethesynchronizationamongdifferentprocesseswriting in the tracebuffer, ensuringthat
the tracereflectsthe true usermemoryreferencepatternof the processorunderreal systemworkloads.
This mechanismgatheredtracesincluding theproperexecutioninterleavingof multi-processreferences
for this dissertation.A laterversionof themechanismcouldtraceoperatingsystemreferencesanduser
referencesby code-modifyingthe operatingsystemto write in the sametracebuffer. Unfortunately,
this featurewasnot availableat thetime thesetraceswerecollected. Thetracesusedin this dissertation
includeonly userreferences.
8�8�8�8�8�8�8�8�8�8�8�8�8�8�8�8

7. A basicblock of instructionsis a contiguousblock of instructionsthatarealwaysexecutedin sequence.
Eachblockhasasingleentrypointandasingleexit point.

8. Thepositioningof loadsandstoreswithin a basicblock couldbedeterminedby analysisof thesource
code,butnoattemptwasmadeto doso.



-- --

25

The ability of the Titan compiler to do instructionschedulingandregisterallocation[WALP87]
allows traceablecodeto be generatedvia a flag to the modifiedcompiler. The compilerautomatically
insertsbranchesto tracecodeat theproperpointsto write thetrace. Althoughthecodeof a tracedpro-
gramincludesthe codeneededto write to the tracebuffer aswell asthe original code,the basicblock
trace entries do not include any effect of the instructions insertedfor tracing. That is, the code
addressesin the tracebuffer arethosethat would havebeenexecutedby theuntracedprogram,though
thecodesizeincreasesby a factorof two. This modified-codetracingmechanismis similar to thatused
by StunkelandFuchs[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
storetheaddressof thememoryaccess.

Similar to theATUM tracingtechnique,thesizeof the tracebuffer limits the lengthof a contigu-
ous trace. Sincea single tracebuffer cannothold long enoughtraces,it is necessaryto concatenate
manyshorttracesto producea long trace,aspicturedin Figure3.2. As the tracebuffer becomesfull,
theoperatingsystemstopsthetracedprogramsandstartsananalysis program to readthetracedataout
of the buffer. Oncethe analysisprogramcompletes,the tracedprogramscontinueexecutinguntil the
tracebuffer is againfilled. The difficulty in this concatenationof tracesis to maintainthe fluidity (or
seamlessness)of the trace. That is, the concatenatedtraceshouldlook as if it werea traceextracted
from a single(infinitely large)tracebuffer. TheTitan operatingsystemmodificationsmaintainfluidity
becausetraceduser programsdo not executewhile the analysisprogramreadsdata from the trace
buffer. Oncethe tracebuffer empties,the tracedprogramscontinuetracingfrom the point wherethey
stoppedwhen the tracebuffer becamefull, so the concatenationof consecutivetracebuffers gives a
continuoustracethatcanbebillions of instructionsor more.
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Trace AnalysisProgram
... ...

Trace

CompositeTrace

SystemExecution

Figure 3.2. Concatenating Multiple Trace Buffers.

This figure showsa singlemulti-billion-instruction traceresultingfrom the concatenationof many trace
buffersworth of data. Systemexecutionconsistsof periodsof tracedatagatheringinterleavedwith execu-
tions of the analysisprogram. The analysisprogramconcatenatesconsecutivetracebuffers into a single
contiguoustrace. Operating System support minimized the distortions introduced by the time-gaps
betweenthetracing.
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3.2.2. Storing Long Traces

A versionof theanalysisprogramwrote the tracedatato tapestoragefor later use. To minimize
the amountof storagerequiredby the tracedata,the datawascompressedbeforeit wasstored. The
compressionusedtechniquessimilar to thoseusedby Samples[SAMP89]. At no informationloss,this
methodreducedtracestoragerequirementsby an orderof magnitude.The spacerequiredto storethe
compressedtracesvaried for different workloads. At the minimum, an averageof 0.38 bits was
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requiredto storeeachmemoryreferenceof the tracedworkloads. Most of theworkloadsrequiredfrom
two to threebits for eachmemoryreference.This allowedmanybillions of memoryreferencesto be
storedonasingle2-gigabytecartridgetape.

Figure3.3 showsthat the compressionschemeseparatesinto two phases,the preprocessingand
Unix compress phases.Thegoalof thepreprocessingphaseis two-fold: (1) to compressmostbasic
blocks into single word traceentries,and (2) to preparethe tracefor the compress phaseby dif-
ferencing currentaddresseswith previousaddresses.Ratherthanstoringan entireaddressin the trace
data,a differencecanbe stored. The preprocessingphaseinsertsin the tracefor the ith address,A (i),
thedifferencebetweenaddressi andaddressi − 1:

T (i) = A (i) − A (i − 1)

whereT (i) is the tracedifferencefor addressi. Thedecompressionalgorithmreconstructsthe original
addressesfrom thedifferencesusingtheequation:

A (i) = A (0) +
n = 1
Σ

n = i
T (n),

which caneasilybecalculatedby maintaininganaccumulatorof pastvaluesof T (n), asin the follow-
ing C codefragment:

accumulator = accumulator + current_trace_difference;
current_address = accumulator;
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Trace

Data
Trace

Compressed

Data
Differencing

Preprocessing/ Unix

Compress

Figure 3.3. The Phases of Trace Compression.

This figureshowstheexecutionphasesof the tracecompressionprogram. The preprocessingphasecom-
binesdoubleword basicblock traceentriesinto singlewords and doesdifferencing. The outputof this
phaseis thencompressedusingUnix compress, which is extremelyeffectivein reducingtheamountof
tracedataandresultsin no informationloss.
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Theaddressdifferencescomingfrom thepreprocessingphasecanberegularbecauseof the local-
ity (both spatial and temporal) of memory references.For example,a trace of the differencesof
memoryreferencesis extremelyregularwhenarrayelementsareaccessedin sequentialorder;addresses
i, i + 1, i + 2, ... would be differencedas1, 1, 1, .... The preprocessingphaseencodesall addressas
differences:regularityis thekeygoalof preprocessing.

Unix compress is a versionof Lempel-Ziv [WELC84,ZIVL76,ZIVL78] losslesscompression.
Thebasicideaof compress is that it compressesvariablelengthinput stringsinto singleoutputcode
words. When compress recognizesaninput string(by comparingit with previousinput strings),the
associatedcodeword is output,ratherthanthe entire input string. Compress is a singlepassalgo-
rithm thatexecutesin O(n),wheren is its input length. Thecompressionratio of compress depends
on the lengthof the input string thatcanbeassociatedwith anoutputcodeword: the longereachstring
is, themoreefficient thecoding. As shownby Samples,compress is very effectivewith an input of
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differencedtracedata. Differencinggivesa regularinput for compress, so it is easierto associate
long input stringswith smalloutputcodewords.

Thepreprocessedtracedatacontainsbasicblocks,loads,andstores. In theoriginal (unprocessed)
trace data, a basic block takes two words. The preprocessorwill often compressthese<address,
instructions> pairs into single words. the C codein Figure 3.4 showsthe algorithm usedto do this.
Each <address, instructions> pair gets an index in a fixed size, circularly managed,previousbasic
block array. Whena block is foundin thearray,thefull two-wordtransferis avoided,andonly thesin-
gle word index is output. In effect, this technique(donein thepreprocessingphase)is similar to those
usedin compress to associateinput stringswith outputcodewords. Compress is moregeneral
andcanencodevariablelengthinput strings,whereas,this schemedoesfixed-lengthencodingmaking
useof application-specificknowledge.
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struct arraystruct save_bblocks[NUMBER_IN_ARRAY];
int saveindex = 0;

Output_Basic_Block_Entry(address, instructions)
int address;
int instructions;
{

int index;

index = Associative_Lookup(address, instructions);
if(index == NOT_SEEN)
{

index = saveindex;
saveindex = (saveindex + 1) % NUMBER_IN_ARRAY;
Remove_Table(index);
save_bblocks[index].address = address;
save_bblocks[index].instructions = instructions;
Insert_Table(index);
Long_Basic_Block(address, instructions);

}
else

Short_Basic_Block(index);
}

Figure 3.4. Basic Block Compression Code.

This figure showsC codein the compressionpreprocessingphaseto compressmost double-wordbasic
block trace entries into single words. Figure 3.5 shows the correspondingdecompressioncode.
Associative_Lookup(), Insert_Table(), and Remove_Table() functions (procedures)
managea meansto match<address, instructions> pairsto anindexof thepreviousbasicblock arrayhold-
ing the corresponding pair associatively, through hash table [AHHU85] or other means.
Long_Basic_Block() and Short_Basic_Block() passtheir argumentsastracedatato thenext
phaseof compression.
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Figure3.5showsthedecompressioncodethatcorrespondsto thebasicblock compressioncodein
Figure3.4. It builds the arrayof previouslyseen<address, instructions> basicblocksasthey appear.
The previousbasic block array built during decompressionpreciselymirrors the array built during
compressionsinceit is constructedin exactlythesamemanner,with exactlythesamereplacementpol-
icy. So, the indicesinto the basicblock arrayareguaranteedto indicatethe same<address, instruc-
tions> pair in both the compressionanddecompressionphases,so decompressioncanreconstructthe
full tracedata.
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struct arraystruct previous_bblocks[NUMBER_IN_ARRAY];
int previousindex = 0;

Long_Basic_Block(address, instructions)
int address;
int instructions;
{

int index;

index = previousindex;
previousindex = (previousindex + 1) % NUMBER_IN_ARRAY;
previous_bblocks[index].address = address;
previous_bblocks[index].instructions = instructions;
simulate_basic_block(address, instructions);

}

Short_Basic_Block(index)
int index;
{

simulate_basic_block(previous_bblocks[index].address,
previous_bblocks[index].instructions);

}

Figure 3.5. Basic Block Decompression Code.

This figureshowsequivalentC proceduresin thedecompressionalgorithmfor the tracedatato extractthe
<address, instructions> pairs from the instruction trace data. Figure 3.4 shows the corresponding
compressioncode. Theseproceduresare called when a correspondingshort or long instructionentry is
seenin thetracedata. Theycall proceduresthatsimulatetheinstructionmemoryreferences.
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Table 3.1 showsthe eight typesof entriesincludedin the preprocessedtracedata. Each32 bit
word in the tracedataincludesa threebit type identifier andtherestof the29 bits hold different infor-
mationdependingon theentry type. Along with theshortandlong basicblock types,eachof which is
differenced,therearetwo typeseachfor loadsandstores.Thepreprocessorpartitionsloadsandstores
dependingon whethertheyaccessthestackor thedata(non-stack)areasothat theaddressdifferencing
canextractlocality within each. Differencingshouldproducea moreregularoutputstringif it takesthe
addressdifferencesfrom thesamememorysegment.Whereasinterleavedaccessesto boththedataand
stackareascould result in large,more varying differencesthat jumpedfrom oneareato another,the
differencesbetweenconsecutivereferencesto thestack(anddata)would likely bemorecloselyspaced
andregular. This splitting of dataandstackreferencesrequiredthe decompressionphaseto maintain
multiple accumulators,onefor thestackandonefor data.

The preprocessingphasealsoincludesdifferencedentriesthat denotea changebetweenuserand
kernelmode,or a changeto the TLB (TranslationLook-asideBuffer). The processoris in usermode
duringexecutionof userprogramsandkernelmodewhile theoperatingsystemis executing.The trace
gatheringmechanisminsertstraceentrieseachtime the processorswitchesbetweenuserand kernel
modes. Using thesechangemodeentries,the interpreterof the tracecan learn the addressspacethat
eachreferenceshould be interpretedin (equivalently,which processis executing),and whetherthe
referencesare from userprogramsor the operatingsystem. Softwaremanagesthe Titan TLB, so the
operatingsystemis awareeachtime it changesa slot in the TLB, andit canplaceentriesin the trace
buffer to denotethe change.The kernel neverTLB faults sinceit usesreal addresses;TLB changes
only modify the virtual addressspaceof the userprocesses.A changeTLB entry in the tracedata
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B B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B�B

Preprocessed Trace Entry TypesC C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�CC C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C
Type DescriptionD D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D

Long
Basic
Block

A two word entryspecifyingthe<address, instructions> pair describingthe tracedbasic
block. The first word in the tracespecifiesthe numberof instructionsin the block, the
secondspecifiestheword addressof theblock.E E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E

Short
Basic
Block

A singleword entry specifyingan index into an array of previouslong basicblock en-
tries. The indexextractsthe<address, instructions> pair thatdescribesa basicblock by
maintainingpreviouslongbasicblock entries.F F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F

Load
Stack

A singleword entryspecifyingtheaddressof a loadto thestackarea.

G G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G
Store
Stack

A singleword entryspecifyingtheaddressof a storeto thestackarea.

H H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H
Load
Data

A singleword entryspecifyingtheaddressof a loadto a non-stackarea.

I I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I
Store
Data

A singleword entryspecifyingtheaddressof a storeto a non-stackarea.

J J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J
Change
Mode

A singleword entry specifyingthat the processorchangedfrom userto kernelmodeor
vice-versa.If theprocessoris changingto usermode,an8-bit processidentifier(PID) is
includedto determinetheexecutionenvironmentthat the following referencesshouldbe
simulatedin.K K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K

TLB
Change

A two-word entry specifyinga changein a TLB (translationlook-asidebuffer) entry.
The first word includesthe PID andvirtual pageof the TLB change.The secondword
denoteswhetherthe entry concernsthe dataor instructionTLB, whetherthe entry is to
validateor invalidatethe TLB entry, wherein the TLB the entry shouldbe placed,and
whatis therealpagecorrespondingto thegivenvirtual page.L L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L

MM
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
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Table 3.1. The Types of Preprocessed Trace Entries.

This table showsthe eight different typesof preprocessedtraceentries.They include loads,stores,and
basicblock, andentriesto updatethesimulatedTLB (TranslationLook-asideBuffer) andchangebetween
kernel and usermodes. Addressesare virtual while in usermode,but real addressesare usedin kernel
mode.

N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N

includesthePID (processidentifier)andvirtual pagenumberto identify a uniquepagein a givenvirtual
addressspace. When the operatingsystemvalidatesa TLB slot, the correspondingreal pageframe
numberis alsoincluded. All TLB slot changesarerecordedin the tracedataoncetracingstarts. This
allows the interpreterof the tracedatato maintainthe TLB contentscorrespondingto eachtracedpro-
cess.

Unfortunately,the contentsof the TLB while tracingis not enoughto know the real addressthat
would havecorrespondedto virtual addresseswhen not tracing. Since the tracedata includesthose
addressesthat would havebeenreferencedby the untracedcode,andthe processorexecutesthe traced
code,the instructionaddressesin the tracearedifferent from thoseexecutedby theprocessor.In other
words, the extra code insertedfor trace-gatheringdistorts the pagemapping. The mappingfor the
modifiedcodeis in theTLB, but themappingfor theunmodifiedcodemaynot be,sotherealaddresses
correspondingto the instructionvirtual addressesin the tracemay not be in the TLB. This makesit
difficult, andperhapsimpossible,to usetheTLB informationsuccessfullyfor virtual to real translation.
Systembehavior,including the virtual to real pagemapping,would be different when running the
smallercodesizesof theuntracedcoderatherthanthetraceablecode.

Thelong tracegatheringandstoragemechanismdescribedin this sectiongivestheability to trace
multi-processuser-onlyreferenceswith little distortion,andallowsthetracedatato beefficiently stored
for lateruse. It allowedtracesof severalbillions of instructionsto begatheredandusedfor this study.
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Thenextsectiondiscussestheuseof this tracegatheringmechanismto extracttracessuitableto analyze
multi-megabytecaches.

3.3. A Description of the Workloads

In choosingwhich applicationsto trace, it is important to keep in mind that the traceswill
influencethe configurationof future CPU caches.It is likely that future workloadswill be muchlike
currentworkloads,althoughfutureworkloadswill surelyfully utilize boththelargemainmemoriesand
the fasterprocessorssuggestedin Chapter1. Futureworkloadswill executemany more instructions
andusemuchmorememoryto solvebiggerproblems. This sectiondiscussestracestakenfrom work-
loadsthatpredictthelargerworkloadsof futuresystems.

A suite of applicationsthat are large consumersof main memory(by 1990 standards)form the
baseof the workloads. All the programssolve important problems. They require large amountsof
memorybecausethe problemthey aresolving is large,not becausethey arepoorly written programs.
As subsequentlyshown,thesememory-intensiveapplicationscanexercisethe multi-megabytecaches
examinedin this dissertation.A cachesimulation study would be uninterestingif the workloadsfit
comfortablyin thecaches.

Table 3.2 describesthe 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 programsreflectsthoseusedin anengineeringandresearchenvironment,heavyusers
of computerresources.Eachof theseprogramswerecompiledinto traceablecode,with full optimiza-
tionsenabled(includingregisterallocation),exceptwherenoted.

Table 3.3 showsthe combinationsof the tracedprogramsmaking up the different tracedwork-
loads. The largerprogramswereuniprogrammedworkloadswhile the smallerprogramsweregrouped
into multiprogrammedworkloads. The selectedworkloadsrangefrom a scientificprogram(Sor), to a
Scheme(LISP-dialect)program(Tree),andamultiprogrammedworkload(Mult1).

3.4. Simulation Results from the Traces

A suiteof traceswerecollectedfrom the workloadsshownin Table3.3, one from eachunipro-
grammedworkloadandtwo from eachmultiprogrammedworkload,for a total of eight traces.Thetwo
tracesfrom eachmultiprogrammedworkloadaretheresultof differentprocessswitch intervals,aswill
bediscussedin section3.4.2.

3.4.1. Instruction Mix and Memory Usage

Table3.4 showssomegeneralinstructionstatisticson the traces.The lengthsof the tracesrange
from threebillion to six billion instructions,muchlongerthanprevioustraces.Theyrepresentsubstan-
tial portionsof theexecutionof theworkloads.

The fraction of instructionsthat areloadsis constantat 30% for the tracesother thanLin, while
the fraction of storesvariesconsiderablyamongthe workloadsin Table3.4. Excluding the Lin trace,
the load fraction is morestablethanthe storefraction for the different workloads. This observationis
consistentwith data for various ‘‘CISC’’ workloadsand architectures[SMIT85]. Though Lin may
invalidatetheobservation,it seemsto hold often.
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P�P�P�P�P�P�P�P�PQP�P�P�P�P�P�P�P�P�P�P�P�P�P�P�PQP�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�PQP�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�PQP�P�P�P�P�P�P�P�P�P�P�P�P�P�P�PQP�P�P�P�P�P�P�P�P
A Description of the Traced ProgramsR�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�RR�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R�R�R�R�R�R�R�RQR�R�R�R�R�R�R�R�R

Program DescriptionS�S�S�S�S�S�S�S�SQS�S�S�S�S�S�S�S�S�S�S�S�S�S�S�SQS�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�SQS�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�SQS�S�S�S�S�S�S�S�S�S�S�S�S�S�S�SQS�S�S�S�S�S�S�S�S
Make A Unix programto maintain,update,andregenerategroupsof programs.Themakepro-

gramgenerateda sequenceof compilesandloads.It madecalls to cc, rm, andcat. Code
size:148kilobytes.T�T�T�T�T�T�T�T�TQT�T�T�T�T�T�T�T�T�T�T�T�T�T�T�TQT�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�TQT�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�TQT�T�T�T�T�T�T�T�T�T�T�T�T�T�T�TQT�T�T�T�T�T�T�T�T

Cc The C compiler front end.Its main purposeis to start the C pre-processor,C compiler,
MahlerCompiler,andloader. Codesize:45kilobytes.U�U�U�U�U�U�U�U�UQU�U�U�U�U�U�U�U�U�U�U�U�U�U�U�UQU�U�U�U�U�U�U�U�U�U�U�U�U�U�U�U�UQU�U�U�U�U�U�U�U�U�U�U�U�U�U�U�U�UQU�U�U�U�U�U�U�U�U�U�U�U�U�U�U�UQU�U�U�U�U�U�U�U�U

Cpp TheC languagepreprocessor.Codesize:62kilobytes.V�V�V�V�V�V�V�V�VQV�V�V�V�V�V�V�V�V�V�V�V�V�V�V�VQV�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�VQV�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�VQV�V�V�V�V�V�V�V�V�V�V�V�V�V�V�VQV�V�V�V�V�V�V�V�V
Ccom Thefirst phaseof C compilationon theTitan. Codesize:397kilobytes.W�W�W�W�W�W�W�W�WQW�W�W�W�W�W�W�W�W�W�W�W�W�W�W�WQW�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�WQW�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�WQW�W�W�W�W�W�W�W�W�W�W�W�W�W�W�WQW�W�W�W�W�W�W�W�W
Mc TheTitan Mahler[WALP87]IntermediateLanguageCompiler. Codesize:877kilobytes.X�X�X�X�X�X�X�X�XQX�X�X�X�X�X�X�X�X�X�X�X�X�X�X�XQX�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�XQX�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�XQX�X�X�X�X�X�X�X�X�X�X�X�X�X�X�XQX�X�X�X�X�X�X�X�X
Xld TheTitan loader. Codesize:758kilobytes.Y�Y�Y�Y�Y�Y�Y�Y�YQY�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�YQY�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�YQY�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�YQY�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�YQY�Y�Y�Y�Y�Y�Y�Y�Y
Cat Unix utility to concatenatefiles. Codesize:37kilobytes.Z�Z�Z�Z�Z�Z�Z�Z�ZQZ�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�ZQZ�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�ZQZ�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�ZQZ�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�ZQZ�Z�Z�Z�Z�Z�Z�Z�Z
Cp Unix utility to copyfiles. Codesize:37kilobytes.[�[�[�[�[�[�[�[�[Q[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[Q[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[Q[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[Q[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[Q[�[�[�[�[�[�[�[�[
Vi/Ex Unix texteditor. Codesize:361kilobytes.\�\�\�\�\�\�\�\�\Q\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\Q\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\Q\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\Q\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\Q\�\�\�\�\�\�\�\�\
Ps Unix utility to readprocessstatus.Codesize:127kilobytes.]�]�]�]�]�]�]�]�]Q]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]Q]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]Q]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]Q]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]Q]�]�]�]�]�]�]�]�]
Ls Unix utility to list directorycontents.Codesize:127kilobytes.^�^�^�^�^�^�^�^�^Q^�^�^�^�^�^�^�^�^�^�^�^�^�^�^�^Q^�^�^�^�^�^�^�^�^�^�^�^�^�^�^�^�^Q^�^�^�^�^�^�^�^�^�^�^�^�^�^�^�^�^Q^�^�^�^�^�^�^�^�^�^�^�^�^�^�^�^Q^�^�^�^�^�^�^�^�^
Rm Unix utility to removea file. Codesize:37kilobytes._�_�_�_�_�_�_�_�_Q_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_Q_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_Q_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_Q_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_Q_�_�_�_�_�_�_�_�_
Tcsh Unix shellprogram. Codesize:348kilobytes.`�`�`�`�`�`�`�`�`Q`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`Q`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`Q`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`Q`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`Q`�`�`�`�`�`�`�`�`
Magic A VLSI layouteditor [OUHM85]. Magic includesmanyfeaturesnot found in otheredi-

torsincludingdesignrule checking,routing,andplowing. Codesize:2.1megabytes.a�a�a�a�a�a�a�a�aQa�a�a�a�a�a�a�a�a�a�a�a�a�a�a�aQa�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�aQa�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�aQa�a�a�a�a�a�a�a�a�a�a�a�a�a�a�aQa�a�a�a�a�a�a�a�a
Grr A PrintedCircuit Board Routerbuilt by JeremyDion [DION88]. Codesize: 483 kilo-

bytes.b�b�b�b�b�b�b�b�bQb�b�b�b�b�b�b�b�b�b�b�b�b�b�b�bQb�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�bQb�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�bQb�b�b�b�b�b�b�b�b�b�b�b�b�b�b�bQb�b�b�b�b�b�b�b�b
Tv A Circuit Timing Verifier built by Norm Jouppi[JOUP87]. Codesize:291kilobytes.c�c�c�c�c�c�c�c�cQc�c�c�c�c�c�c�c�c�c�c�c�c�c�c�cQc�c�c�c�c�c�c�c�c�c�c�c�c�c�c�c�cQc�c�c�c�c�c�c�c�c�c�c�c�c�c�c�c�cQc�c�c�c�c�c�c�c�c�c�c�c�c�c�c�cQc�c�c�c�c�c�c�c�c
Sor A SuccessiveOverrelaxationalgorithmcontributedby RenatoDe Leone[DEMA88] that

usessparserepresentationsof extremelylargematrices. It is written in Fortran,andwas
compiledwithout optimizationssincethe Fortrancompiler availablewas experimental.
Codesize:98kilobytes.d�d�d�d�d�d�d�d�dQd�d�d�d�d�d�d�d�d�d�d�d�d�d�d�dQd�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�dQd�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�dQd�d�d�d�d�d�d�d�d�d�d�d�d�d�d�dQd�d�d�d�d�d�d�d�d

Linear A programto analyzethepowersupplyof circuitsby solvinglinearsystemsof equations
via sparsematrices[STAH89]. Codesize:102kilobytes.e�e�e�e�e�e�e�e�eQe�e�e�e�e�e�e�e�e�e�e�e�e�e�e�eQe�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�eQe�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�eQe�e�e�e�e�e�e�e�e�e�e�e�e�e�e�eQe�e�e�e�e�e�e�e�e

Tree A compiledScheme[BART89] (a LISP dialect)programcontributedby JoelBartlett that
buildsa treedatastructureandsearchesfor the largestelementin the tree. The garbage
collection methodusedby the Schemecompiler is important to the behaviorof Tree.
The dataareais split into two halves,only oneof which is usedat anygiven time. Gar-
bagecollectionoccurswheneveronehalf of the dataspacehasbeenspent,causingthe
(clean)datato be transferredto the other half of the dataspace. Codesize: 406 kilo-
bytes.f�f�f�f�f�f�f�f�fQf�f�f�f�f�f�f�f�f�f�f�f�f�f�f�fQf�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�fQf�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�fQf�f�f�f�f�f�f�f�f�f�f�f�f�f�f�fQf�f�f�f�f�f�f�f�f
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Table 3.2. A Description of the Traced Programs.

This table containsa descriptionof the programsusedto collect the tracedata. They consistof CAD,
scientific(Fortran),andScheme(Lisp-like) programswith somecommonUnix utilities (mostnotablythe
collectionof programsthataretheC compilationenvironment).Thecodesizelistedis thatof theuntraced
code.

h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h

A largeportion of the variability in the storefraction canbe attributedto the overheadof saving
registersfor procedurecalls. WhereasSorperformsfew procedurecalls,Treefrequentlymakesrecur-
sive procedurecalls,soTreehasnearlytwice asmanystores. Recursioncancauseextraregisterstate
savingon a machinelike the Titan that doesstaticregisterallocationat compile time. The valueof a
registermayneedto besavedeachtime it is reusedby a differentprocedureinstance.Theloadfraction
maynot varyasmuchasthestorefractionbecauseregisterrestoresareasmallerportionof theloads.

Thebasicblock sizeis an importantmetric of the tracessincethe tracingmechanismonly recog-
nizesa basicblock ratherthaneachinstruction. The largerthe basicblock, the moreinaccurateis the
orderingof the instructionreferenceswith the loadsandstores,thoughthe orderingdoesn’tmatteras
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A Description of the Workloadsk k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�kk k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k

Workload Descriptionl l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l
Mult1 A multiprogramworkload consistingof: (1) Make C compiling portionsof the Magic

sourcecode,(2) Grr routing theDECstation3100PrintedCircuit Board(16 megabytes),
(3) Magic Design Rule Checkingthe MultiTitan CPU chip (20 megabytes),(4) Tree
given 10 megabytesof working spacesolving the sameproblemas the Tree workload,
(5) anotherMake that largely consistsof a call to Xld to load theMagic objectcode(20
megabytes),and(6) an infinite loop shellof interactiveUnix commands( cp, cat,ex, rm,
ps -aux, ls -l /* ). The traceskippedaboutthefirst billion instructionsso the largerpro-
grams,Grr, Magic, Tree,andXld, wereable to initialize their largedatastructuresand
startusingthem.m m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m

Mult2 TheMult1 workloadexcludingtheXld (Make) run (5) andtheTreeprogram(4). Mult2
hasa lower degreeof multiprogrammingandis smallerthanMult1.n n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n

Tv A uniprogram workload of Tv analyzing the timing of the MultiTitan CPU chip
[JODB87,JOTD89]. Tv required12.5billion instructionsto completethetiming analysis.
About the first 10 billion instructionsbuild a very large linked datastructure. The final
2-3 billion instructionstraversethe structure. The endof the executionof Tv wascap-
turedon tape.o o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o

Sor A uniprogramworkloadof theSorprogramdoingmatrix 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 tracecapturesa portion of the matrix opera-
tions,excludinginitialization.p p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p

Tree A uniprogramworkloadconsistingof theTreeprogram. Treehastwo majorphasesthat
were traced. About the first half of the instructionsbuild a large tree structurethat
representsa Unix-like hierarchicaldirectorystructure.Therestof the instructionssearch
this treeto find thelargestmember.q q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q

Lin A uniprogramworkloadof Linearanalyzingthepowersupplyof a registerfile. Normal-
ly, the programtries to minimize the amountof work it must do by combiningcircuit
structures.The tracewascollectedby disablingsomeof thesecombiningoperationsto
producea biggerproblem,possiblyreflectingthelargerproblemsof thefuture.r r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r
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Table 3.3. A Description of the Studied Workloads.

This tableconsistsof a descriptionof the user-only(no kernel references)workloadsusedin this study.
Fourworkloadsareuniprogrammedandtwo aremultiprogrammedworkloads. Theuniprogrammedwork-
loadsconsistof the largestprograms.Severalsmallerprogramswere groupedwith somestandardUnix
programsto producethemultiprogrammedworkloads.

t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t

muchbecausethis dissertationusessplit instructionanddataprimary caches.The averagebasicblock
sizesshownin Table3.4 representthedynamicaveragesize,that is, it is theaveragebasicblock sizeof
instructionentriesin the tracedata. Theyarestablefor the tracesotherthanSor. TreeandMult2 have
thesmallestaveragebasicblock sizewhile Sorhasthelargestat over2.3 timestheminimum. TheSor
resultsare not too surprisingsincescientific programsare generallyconsideredto have larger basic
blocksthanotherprograms.

Table3.5 lists theactiveandreferencedmemoryfor eachtrace. Theactivememoryis anestimate
of theaverageamountof memorythatwasactive(mappedto anytracedprocess)duringthetrace. The
referencedmemoryis theamountof uniquememory(in 128-byteblocks)referencedby the trace. The
activememoryof the tracesrangesfrom 40-megabytesto 100-megabytes.This is largefor 1990,but
maybecommonfor thelargememoriessoonto beavailable.

The total memoryreferencedby the tracesrangesfrom 7-megabytesto 72-megabytes.For the
uniprogrammedtraces,the referencedmemory is always less than the memory that was actively
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u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u
v v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v

Instructions Basic
w w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w BlockTrace

Billions Loads Stores Sizex x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�xx x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x
Mult1 3.0 32% 16% 6.5
Mult1.2 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% 7.7y y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y�y
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Table 3.4. Instruction Information on the Traces.

This tableshowsthe lengthof the tracesusedin this study(in billions of instructions),the fraction of in-
structionsthatareloadsandstores,andtheaveragebasicblock size(in instructions).

{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{

{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{�{
|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|

Memory(Megabytes)Trace Active Referenced}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}�}
Mult1 75 56
Mult1.2 75 69
Mult2 40 58
Mult2.2 40 59
Tv 96 72
Sor 62 58
Tree 64 62
Lin 57 7~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~�~
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Table 3.5. Memory Requirements of Traces.

This tableshowstheactiveandtotal memoryrequirementsof the traces(in millions of bytes). The active
memorywasestimatedby examiningthestatusof thetracedprocesseswhile beingtraced. Thereferenced
memoryis theamountof uniquememory(in 128-byteblocks)referencedby thetrace.
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availablefor theprocesses.Note,however, that theactivememoryof theMult2 tracesis considerably
smaller than the referencedmemory. Since thesetracesrepresentthe completeexecutionof many
processes,thetotal referencedmemorycanbelargerthantheamountof memorythatwasactiveat any
momentsinceactiveprocessesdie andnewonesrestart.

3.4.2. The Multiprogrammed Traces

An importantstatisticof eachmultiprogrammedtraceis theprocessswitchinterval,or thenumber
of instructionsthat are executedby a processbeforeanotherprocessusesthe processor.Table 3.6
showsthe switch intervalsfor the multiprogrammedtraces. The targetprocessswitch interval is the
maximumnumberof instructionsthat could be executedbetweenprocessswitches. Thereareseveral
reasonswhy the actualprocessswitch interval (measuredin instructionsexecuted)for thesetracesis
lessthanthe target:(1) The Titan may not beableto executeat its peakratebecauseof cachemisses,
datadependencies,etc.; (2) The operatingsystemexecutiontime (when thereis no tracing) subtracts
from the interval; and(3) Processeswait for I/O or otherexternalevents,relinquishingcontrol of the
processorbeforethefull interval is used. Theresultis that themeasuredprocessswitchinterval in each
traceis abouthalf thetarget.
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� ���������������������������������������������������������������������������������������

SwitchInterval(instrs.) ProcessesTrace Target Actual Active� ���������������������������������������������������������������������������������������� ���������������������������������������������������������������������������������������
Mult1 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� ���������������������������������������������������������������������������������������
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Table 3.6. Process Statistics of Multiprogrammed Traces.

This table showsthe targetand actualprocessswitch interval and an estimateof the numberof active
processesat anymomentin themultiprogrammedtraces.The targetprocessswitch intervalwasthemax-
imum numberof instructionsthatcouldbeexecutedbetweeneachswitch. It wasmeasuredusinga simple
infinite loopprogramdesignedto executeinstructionsrapidly.
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The processswitch intervalsof the multiprogrammedtraces,hundredsof thousandsof instruc-
tions,arehigh comparedto someprevioustraces.For instance,theATUM tracesaveragearound10 to
20 thousandmemoryreferencesbetweeneachswitch [AGHH88]. The increasein processswitch inter-
val is appropriatebecauseof increasingprocessorspeeds,sincethetime betweenprocessswitchestends
to be constantacrossdifferent systems.Thus,as the speedof the processorincreases,the numberof
instructionsexecutedbetweeneachswitchwill increase.For example,Clark, et al., showthat thecon-
text switch headwayfor the VAX 8800 (19000)is aboutthreetimes that of the VAX 780 (6000),a
nearlylinear increasewith processorperformance[CLBK88]. The switch intervalsfor the traceswere
adjustedto valuesthat shouldbeappropriatefor futurehigh-performanceprocessors.Mogul andBorg
usedsimilar switchintervals[MOGB91].

Table 3.6 showsthat the multiprogrammedtracesrepresentthe concurrentexecutionof many
processes.Thoughonly aboutfour or six processesareactiveat anygivenmoment,therearereferences
from manymoreincludedin the trace. For example,Mult2.2 hasonly four processesestimatedactive
at anymoment,yet the tracecontainstheexecutionof 176differentprocesses.This occurssincemany
processescompleteandnew onesstart in their place. Furthermore,thoughonly four or six processes
are active at any given moment,someare suspendedwaiting for other processesto complete. For
example,theCc programdoesnothingotherthanstartandwait for theCpp,Ccom,andMc processesin
succession.

To understandmorefully theprocessesincludedin thesetraces,this sectionexaminestheMult2.2
tracein moredetail. Figure3.6partitionstheMult2.2 processesby thenumberof instructionstheyexe-
cute. Theleft graphshowsthatmostof theprocessesexecutefor about100,000,10million, or 100mil-
lion instructions.By far the largestshareof the instructionsin thetracearefrom processesthatexecute
for ten million instructionsor more. Only two processes(probablyMagic andGrr) executefor more
than100 million instructionsduring the trace. The right graphshowsthat thesetwo processescontri-
bute the most instructionsto the trace. Thoughsmall in number,the long-runningprocesseshavea
dominanteffecton thetrace.

A similar scenarioexistswhentheprocessesarepartitionedby theamountof memorythey refer-
ence,asin Figure3.7. The left graphshowsthatmostof theprocessesreferencefrom 100-kilobytesto
1-megabyte.The right graphshowsthat these1-megabyteprocessescontributethe largestportion of
the instructionsin the trace,but not by much. The larger processescontributea substantialportion,
thoughtherearefew of them. Forexample,only asingleprocessreferencesmorethan10-megabytesof
memory,yet it contributesover25%of theinstructions.
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Figure 3.6. Mult2.2 Processes Classified by Execution Length.

This figurepartitionstheprocessesin theMult2.2 traceby their executionlength(in instructions).On the
left, thenumberof processesin eachclassis shown. On theright, thenumberof instructionsexecutedby
the processesin eachclassis shown. The partitionsare by factorsof ten. For example,the bar labeled
‘‘1M’’ hasstatisticsfor processesthathave100,000to onemillion instructionsincludedin thetrace. Note
thatsomescalesarelogarithmic.
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3.4.3. Miss Frequencies in Multi-Level Cache Configurations

This section expressesshows MPI’s (and relative MPI changes)for the base two-level
configurationthat is shownin Figure1.1 andfurther describedin Section2.3, with defaultparameters
alsogiven in Section2.3. By showingthecacheperformanceeffectsof the traces,this sectionexposes
the tracecharacteristicsthat effect cachedesign. Chapter5 delvesfurther into multi-megabytecache
designissues.

Table3.7 showsthe missfrequenciesof the primary instructionanddatacachesfor the different
traces. With this primary cacheconfiguration,the datacachehasa higher MPI than the instruction
cache.

TheMPI resultsin Table3.7 providesomeinsight into the tracedworkloads. For the instruction
cache,the multiprogrammedtraceshavehigherMPI than the uniprogrammedtraces. The oppositeis
true for the datacache. The good instructionlocality andpoorerdatalocality of the uniprogrammed
tracesis likely a resultof the scientificnatureof severalof the applications.Tight loopsrangingover
largeamountsof datawill tendto give lower instructioncacheandhigherdatacachemissfrequencies.
This is exactlythebehaviorof theSorandLin traces,whichhavevirtually no instructioncachemisses.

A comparisonof theresultsfrom themultiprogrammedtraceswith differentprocessswitch inter-
vals showsa slight tendencytoward lower MPI’s with the longer switch intervals. This is expected
sinceeachprocessswitch resultsin a reloadingof the primary caches;the dataof the otherprocesses
corruptedthe primary cachessince the last time the processran [SMIT82]. Although hundredsof
thousandsof instructionsexecutebetweeneachprocessswitch, switching-inducedcachereloadingis
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Figure 3.7. Mult2.2 Processes Classified by Memory Usage.

This figurepartitionstheprocessesin the Mult2.2 traceby the memorythey use. On the left, the number
of processesin eachclassis shown. On the right, thenumberof instructionsexecutedby theprocessesin
eachclassis shown. For example,thebar labeled‘‘1M’’ hasstatisticsfor processesthataccess100,000to
onemillion bytes. Notethatsomescalesarelogarithmic.
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MPI××1000of Primary Caches� ���������������������������������������������������������������� ���������������������������������������������������������������
Trace Instruction Data� ���������������������������������������������������������������
Mult1 5.5 9.7(37%)

Mult1.2 5.8 8.1(33%)
Mult2 6.1 8.2(37%)

Mult2.2 5.5 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%)� ���������������������������������������������������������������
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Table 3.7. Primary Cache MPI.

This tableshowsthe missfrequency,expressedasmissesper one thousandinstructions(MPI×1000) for
thesplit primary instructionanddatacachesfor eachtrace. For thedatacache,the fractionof missesthat
causethewrite-backof a dirty cacheblock is alsogiven in parentheses.As mentionedin Section2.3, the
instructionanddatacachesareeach32-kilobyteswith 32-byteblocks.
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still a factorin theperformanceof thecaches.TheMult1.2 tracedoeshavea slightly higherinstruction
cacheMPI thanMult1, althoughMult1.2 hasa longerswitchinterval. This anomalyis likely a resultof
thedifferentexecutionphasesof theMult1 workloadcoveredby thetwo traces.TheMult1.2 tracecap-
turesaearlyportionof theworkloadthatMult1 doesnot.

Table 3.7 also showsthe fraction of datacachemissesthat requirewriting back a dirty cache
block. With write-backcaches,writesarenot immediatelypropagatedto thesecondarycache.Instead,
the cachesavesthe valueof the updatedcacheblock until it mustbe replaced(asthe resultof a cache
miss). Only then is the updatedvalue of the cacheblock transferredto the secondarycache. The
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fraction of datacachemissesthat causethesewrite-backsvariessubstantiallyacrossthe traces,from a
low of only 3% with the Lin traceup to 60%for theSor trace. ThemultiprogrammedandTreework-
loadsdisplaymoderatebehavior,with about30%of the cachemissesrequiringa write-back. The Lin
andTv workloadsexpenda largeportion of their referencesreadingdata,andonly updatesmall por-
tions of it. The Sor tracemodifies the largestportion of the cacheblocks in the datacache,though
Table3.4 showsthat it hasthe lowestfractionof instructionsthatarestores.This meansthat the local-
ity of writesis muchlower with theSortrace;it modifiessmallportionsof manycacheblocks,increas-
ing thewrite-backfrequencyof thecache.

Table3.8 showsthe MPI of a varietyof secondarycaches,with sizesrangingfrom 256-kilobytes
to 16-megabytesandassociativitiesrangingfrom direct-mappedto 4-wayassociative.Theresultsvary
substantiallyacrossworkloads,just as with the primary caches.This validatesthe resultsshownby
Smith [SMIT85]. Many workloadslike thosein this studywill give the bestconclusions,muchbetter
thana singleworkload. Had resourcesallowedit, evenmoreworkloadswould havebeenusedin this
study.

Sor hashigherMPI’s thanthe other traces.This is consistentwith the observationthat scientific
workloadsoftenhavepoorcacheperformancebecauseof poorlocality of reference.Sormakesfrequent
traversalsthroughextremelylarge array structuresthat representsparsematrices.Its locality is poor
sincethe traversalsthroughthearraypurgecacheentriesbeforetheycanbereused.Associativitydoes
not helpSor’sMPI much;it actuallyincreasesMPI for somelargercaches.Smith andGoodmanshow
that associativitycanbe detrimentalto cacheperformancewith looping references[SMIG85], aswhen
arraysare being traversed.Theseresultscorroboratethis observation. Chapter5 further showsthe
abnormalcacheeffectsof Sor.

The 16-megabytecachesgive extremelylow miss frequencies,often well below one miss per
thousandinstructions.This is not surprisingsincethe16-megabytecacheis extremelylarge,largerthan
manycurrentmainmemories.Indeed,the16-megabytecacheis largeenoughto hold from 15%to 50%
of the 40 to 96 megabyteworkloads. Without the focusof this study toward largerworkloads,these
cacheswould likely not havebeenexercisedaswell. Thoughthe cacheis large,the sametrendsthat
hold for the smallercachesalsoholdsfor the largercache.For example,the resultsin Table3.8 show
that MPI is approximatelyhalvedeachtime the cachesizeis quadrupled.(Equivalently,the missratio
decreasesby 30% eachtime the cachesize doubles[STON90].) This is asvalid for the 16-megabyte
cacheasfor theothercaches.Thus,the16-megabytecacheis not solargethatmissesneveroccur,it is
just largeenoughso that the MPI is low. Chapter5 showsthat low missfrequenciesmaybenecessary
for goodperformancewhenthecachemisspenaltyis large. Of course,if themisspenaltyis smaller,or
if smallerworkloadsareused,small cachesmay do sufficiently well and16-megabytecachesmay not
beneeded.

For the secondarycaches,similar to the casewith the primary caches,the Mult2 tracesshowa
consistentreductionin MPI with increasingprocessswitch interval.For the256-kilobytecache,andfor
the direct-mappedcaches,the reductionwith increasinginterval alsoholds for the Mult1 traces. The
Mult1 tracesdo not follow this patternfor the larger,more associativecaches,however. Again, this
anomalyis likely becauseof thedifferencesin thephasesof executioncapturedin Mult1 andMult1.2.

Table3.8 alsoshowsthe fraction of secondarycachemissesthat causethe write-backof a dirty
cacheblock. Similar to thedatacacheresults,thefractionvarieswidely from traceto trace. For exam-
ple, it rangesfrom 1% to 73%for a 1-megabyte4-wayset-associativecache.Usually,it is near30%to
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Trace SecondaryCacheSize

256K 1M 4M 16M���������������������������������������������������������������������������������������������������������������������
Mult1 3.49(25%) 1.55(27%) 0.70(38%) 0.33(47%)
Mult1.2 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%)
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Trace SecondaryCacheSize
256K 1M 4M 16M���������������������������������������������������������������������������������������������������������������������

Mult1 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%)
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Trace SecondaryCacheSize
256K 1M 4M 16M���������������������������������������������������������������������������������������������������������������������

Mult1 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%)
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Table 3.8. Secondary Cache MPI.

This table showsthe cachemiss frequency(expressedas missesper thousandinstructions)for direct-
mapped(top), 2-way set-associative(middle), and 4-way set-associative(bottom) secondarycaches. In
parentheses,thefractionof cachemissesthatcausethewrite-backof a dirty block is alsoshown.
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50%. It often increaseswith cachesize and associativity. This is precisely when the cacheMPI
decreasesandblocks are retainedfor longer periodsof time in the cache. The increasingfraction of
write-backslikely occursbecauselonger block residencetimes increasethe probability that a trace
writesa block while it is resident.This is not alwaysthecase,however. Thefractiondecreasesfor the
Sortraceasthecachesizeincreasesfrom 4-megabytesto 16-megabytes.Ultimately, for all workloads,
the fraction of missesthat causewrite-backshasno clear trendsfor different associativitiesandcache
sizes,thoughit tendsto increasewith lowermissfrequencies.

In additionto theabsolutemissfrequenciesasgivenin Table3.8,relativeperformancedifferences
also exposethe cache performanceeffects and differencesof the traces. This analysis answers
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questionssuch as: What is the reduction in MPI producedby increasingassociativityfrom direct-
mappedto 2-waywith thedifferentworkloads?What is thereductionin MPI producedby doublingthe
cachesize? Theanswersto thesequestionshelpto decide,for eachtrace,whethera largercachewith a
sloweraccesstime will bebetterthanasmallercachewith ahigherMPI.

Figure3.8showsthemiss reduction thatoccurswhendoublingtheassociativity.This is the frac-
tion of themissesin thecacheof lowerassociativitythatwereeliminatedin thecacheof higherassocia-
tivity. The different boxesshowthe miss reductionoccurringwhenthe associativityis doubledfrom
direct-mappedand 2-way, respectively. The increasefrom direct-mappedto 2-way eliminatesa sub-
stantially largerportion than2-way to 4-way does. This is consistentwith the observationsof others,
including Hill andSmith [HILS89], who measure‘‘miss ratio spread’’9. The advantagesof doubling
theassociativitydecreaseswith increasingassociativity.

Again, the Sor tracestandsout in the datain Figure3.8, showingnegativereductionsbecauseof
its looping behavior. In general,the uniprogrammedtracesseemto gain lessfrom increasingassocia-
tivity thando themultiprogrammedtraces.This canbeattributedto thehigherlocality of referenceof
the multiprogrammedtraces. The uniprogrammedtracesalso have a considerablywider rangeof
behaviors:the missreductionin going from direct-mappedto 2-way rangesfrom 8% to 25% with the
multiprogrammedtraceswhile thesamerangeis -3%to 34%for theuniprogrammedtraces.This is due
to the similarity of the multiprogrammedtraces,and the averagingeffect of including manydifferent
programsin them.

Figure3.9 showsthe missreductionswhendoublingthe sizeof direct-mappedcaches.Over the
rangeof cachesizes,the multiprogrammedtracesshow a reductionof 30% or more. The unipro-
grammedtracesagainshowa higherrangeof behaviorthanthemultiprogrammedtraces,but, themean
reductionis similar.

Thecomparisonof Figure3.8with Figure3.9showsthatdoublingthecachesizeeliminatesmore
missesin a direct-mappedcachethandoublingtheassociativity. This doesnot follow the2:1 ‘‘rule of
thumb’’ that thedoublingof eitherthesizeor associativityof a direct-mappedcacheproducesaboutan
equivalentmissreduction[HENP90]. Instead,thesevirtual-indexedresultsshowcachesizeincreasesto
bemoreimportantin reducingtheMPI thanassociativityincreases.Section5.6 of Chapter5 examines
why the2:1 rule maynot 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 instructionsexecutedbetweenconsecutivemissesis a given value. It characterizes
thetiming of thesecondarycachemisses(i.e. mainmemoryaccesses).Figures3.10a,3.10b,and3.10c,
displaytheprobabilitydensitycurvesof theinter-misstimesfor direct-mappedsecondarycaches10.
¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡

9. Themissratiospreadmeasurestheamountthatthehigher-associativityMPI increaseswhentheassoci-
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 the1-megabyte4-megabyte,and16-megabytecaches(respectively),this captures79-83%,72-73%,and
57-61%of all Mult inter-misstimes,91%,89%,and84%of theTv inter-misstimes,93%,87%,and52%of
the Sor inter-misstimes,81%,56%,and23% of the Treeinter-misstimes,and76%,54%,and13% of the
Lin inter-misstimes.
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Figure 3.8. Miss Reduction for Doubling Associativity.

This figureshowsthe fractionof misseseliminatedby doublingtheassociativityfrom direct-mappedto 2-
way (1-2) and2-wayto 4-way(2-4) for eachtraceandseveraldifferentsecondarycachesizes.
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Figure 3.9. Miss Reduction for Doubling Size.

This figureshowsthefractionof missesthatcouldbeeliminatedby doublingthecachesizefor thevarious
traces.For example,the entry for a 1-megabytecachedenotesthe fraction of missesthat would be elim-
inatedby insteadhavinga 2-megabytecachefor that trace. Theseresultsareshownfor secondarycache
sizesrangingfrom 256-kilobytesto 4-megabytes.
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Figures3.10a,3.10b,and3.10cshowthat the shortinter-missintervalsoccurfrequently,particu-
larly with the multiprogrammedworkloads. For example,1450 instructionsof the Mult1.2 workload
executeonaveragebetweeneach4-megabytemiss,yet 50%of theinter-missintervalsarelessthan100
instructions.This showsthat themissestendto beclusteredin time. Thedensitycurvesareshownout
to an interval of 500 instructions,which capturesmost of the intervals. While thereareenoughlong
intervalsto balanceout shortones,theshortintervalsarethelargestportionof themisses.

The multiprogrammedtraceshave inter-miss distributions that are more skewedtoward the
shorterintervalsthanthe uniprogrammedtraces. Processswitchingmay leadto shortinter-missinter-
vals whenprocessstateis reloadedat eachswitch. The multiprogrammedtracesalsomay havemany
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Figure 3.10a. Inter-Miss Density of Mult1, Mult1.2, and Mult2.

This figureshowsthe inter-missprobabilitydensityof the Mult1 (top), Mult1.2 (middle),andMult2 (bot-
tom) tracesfor 16-megabyte(dashed),4-megabyte(dot-dashed),and 1-megabyte(dotted line) direct-
mappedsecondarycacheswith block sizesof 128-bytes.Eachline denotesthe probability that the inter-
miss interval (measuredin instructionsexecuted)occurs. The probability is aggregatedover intervalsof
10, thusthereis a pointevery10 instructionson thex-axis. Notethatthescaleschange.
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Figure 3.10b. Inter-Miss Density of Mult2.2, Tv, and Sor.

This figure showsthe inter-missprobability densityof the Mult2.2 (top), Tv (middle), and Sor (bottom)
tracesfor 16-megabyte(dashed),4-megabyte(dot-dashed),and 1-megabyte(dotted line) direct-mapped
secondarycacheswith block sizesof 128-bytes,like Figure3.10a. Notethatthescaleschange.
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Figure 3.10c. Inter-Miss Density of Tree and Lin.

This figure showsthe inter-missprobability 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,like Figure3.10a. Notethatthescaleschange.
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shortinter-missintervalsat thebeginningof processexecution.Theuniprogrammedtraces,in particu-
lar TreeandLin, do not showasmuchof abiastowardshortinter-missintervals. Themissesof Lin are
muchmoreevenlydistributedamongthe different intervals. The most likely reasonis the low cache
contentionfor Lin; theapplicationbehaviordictatestheinter-missinterval,not cachecontention.

The consequenceof short inter-missintervalsis that the main memoryaccessfrequencywill be
bursty. This mayworsenqueueingdelaysfor themain memory,andreducetheeffectivenessof write-
buffers.

3.5. The Advantages of Long Traces

This sectionexaminestwo advantagesof multi-billion-instructionlong traces.Thefirst advantage
is that theycanmorefully capturethecachebehaviorof a tracedworkloadandrelatecachebehaviorto
algorithmic phasesof the workloads. More trace data allows far more phasesof executionto be
accountedfor. The secondadvantageis that long tracescan mitigate the cold-startproblem. With
manymissesoverlong periodsof time,cacheinitialization is only asmall factorin theMPI estimate.
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3.5.1. Capturing More Workload Behavior

If a long tracecancapturemoreof the executionof a workload,cachebehaviorfor the workload
canbe more fully characterized.The result of the phasebehaviorof programsis that MPI over time
maybestbedescribedasnon-stationary,evenwhenthebehavioris aggregatedoverexecutionintervals
of manymillions of instructions. It is difficult to predictcachebehaviorover the entireexecutionof a
non-stationaryworkloadwithout characterizationof all (or most)of theprogramphases.

Figures3.11a,3.11b,and3.11cshowthemissbehaviorof all the tracesfor secondarycachesizes
of 1-megabyte,4-megabytes,and 16-megabytes.They also show the compulsoryMPI. Compulsory
missesarecausedby the first referencein a traceto a uniquememorylocation(128-byteblock). The
compulsoryMPI is a measureof theminimum cacheMPI whencacheblocksaredemand-loaded.It is
exactlytheinfinite cachemissratio.

Thebehaviorof theuniprogrammedtracescanberelatedto thealgorithmsof the tracedprogram
[BOKW90]. ThescientificSor tracemaybestexemplify this. Its arraytraversalscauseperiodicjumps
in theMPI. TheTv programspendsa long time building a largeintermesheddatastructurethat it then
traversesnearthe endof its execution. The flat beginningof the Tv MPI curveshowsthe building of
the datastructure,while spikesnearthe endshowits traversal. The behaviorof the multiprogrammed
tracesis much more difficult to relateto the underlyingalgorithmsin the workloadsinceall the dif-
ferentprocessesconcurrentlycontributeto theMPI.

Cacheperformancecan changedramaticallyover the length of the traces,althougheachpoint
given in the graphis the aggregateof 100 million instructions. A differenceof a factor of ten in the
cacheMPI mayeasilyoccurover the lengthof the traces.Theactualrangevarieswidely from traceto
trace. For example,the maximum MPI is 4.5 times the minimum MPI for the Mult1.2 4-megabyte
cache,while themaximumis 154timestheminimum for thesameTv cache.Any tracesampleof 100
million instructionsor lesscouldestimatetheMPI anywherebetweenthe themaximumandminimum,
soit is importantto havetracedatathat includesmanyhundredsof millions, or billions, of instructions.

BeyondthecacheMPI, thecompulsory(or infinite cache)MPI providesmuchinformationon the
tracedworkloadsfor multi-megabytecaches.This information would be difficult to obtain without
long traces.A largeportionof the missescausedby the multiprogrammedtracesarecompulsory,par-
ticularly with the 16-megabytecaches,evenafter the simulationof billions of instructions. The fre-
quentbirth anddeathof newprocessesin themultiprogrammedworkloadcausesthis; boththeseriesof
compilesandthesimpleUNIX commandscontributeto thecompulsorymissesthroughoutthe lifetime
of the trace. TheTreeandSorworkloadseliminatecompulsorymissesby theendof the tracebecause
their memoryusagestabilizes. 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-mappedcachewere compulsorywith the multipro-
grammedtraces,a large portion. This showsthat with multi-megabytecaches,many missesmay be
compulsorysincethe cacheshavesuchlow MPI’s. Shorttraceswould likely estimatethe compulsory
MPI evenhigherthanthesevaluesbecausemuchtracecontextis neededto determinewhich references
arecompulsory;long tracesareextremelyusefulfor this kind of analysis.
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Figure 3.11a. Variability of Mult1, Mult1.2, and Mult2.

This figureshowstheMPI behaviorof theMult1 (top),Mult1.2 (middle),andMult2 (bottom)tracesfor an
infinite (solid line) cache,16-megabyte(dashed),4-megabyte(dot-dashed),and1-megabyte(dottedline)
direct-mappedsecondarycacheswith block sizesof 128-bytes.Eachpoint is theaveragevaluefor thepre-
vious100million instructions.Notethatthescaleschange.
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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-megabyte(dashed),4-megabyte(dot-dashed),and1-megabyte(dottedline)
direct-mappedsecondarycacheswith block sizesof 128-bytes.Eachpoint is theaveragefor theprevious
100million instructions.Notethatthescaleschange.
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Figure 3.11c. Variability of Tree and Lin.

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

Cacheinitialization is theprocessof filling anemptycache,turning it 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 framemustbe refer-
encedat leastonce. Table3.9showsthenumberof instructionsrequiredto fill theprimarycachescom-
pletelyfrom empty.

Table 3.9 showsthat a trace of millions of instructionsmay be requiredto initialize the data
cachesfully, andthat theinstructioncacheis oftennot eveninitializedafterbillions of instructionsfrom
theuniprogrammedtraces.Themultiprogrammedworkloadsrequiretenmillion instructionsor moreto
initialize the instructioncacheentirely. Millions of instructionsmay be requiredto initialize the data
cache.The restrictivedirect-mappedcacheplacementcausestheselargeinitialization lengthsbecause
it takesa considerableamountof time to referenceeverycacheblock frame. Fully associativecaches,
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Figure 3.12. Fraction of Misses that are Compulsory.

This table shows the fraction of missesthat were compulsory in 1-megabyte,4-megabyte,and 16-
megabytedirect-mappedcaches.For eachtrace,the fraction of the missesof a 16-megabytecacheis the
largestfraction (un-hatchedbox), with thesmaller4-megabytecachefraction (half-hatched)andthesmal-
lest1-megabytecachefraction(cross-hatched).
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Mult1 85.8 3.5
Mult1.2 9.7 1.8
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Table 3.9. Instructions to Fill Primary Caches.

This tableshows,for eachtrace,thenumberof instructionsrequiredto referenceeverycacheblock frame
in thesplit primary caches.A valueof infinity denotesthat thecachewasnot filled over theentirelength
of thetrace.

¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹�¹

the type studiedby EastonandFagin,do not requireasmany instructionsto initialize the cachefully
sincethereis muchmore(re)placementflexibility. Theresultsfor theprimarycachesarenot encourag-
ing since the major focus of this study is on multi-megabytesecondarycaches.Theseconsiderably
largercachescanrequireevenlongerinitialization timessincetheyhavemanymorecacheblocks.
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Table3.10showstheinstructionsneededto fill differentdirect-mappedsecondarycachesentirely.
Theseresultsshow that billions of instructionsmay be requiredto fill thesemulti-megabytecaches
fully, and sometracescould not properly initialize the largestcaches,evenwith severalbillions of
instructions.Sorrequiredconsiderablylesstime to fill thecachebecauseits frequenttraversalsof large
amountsof memorytouchedthecacheblock framesmorerapidly. The multiprogrammedtracescould
not referenceevery cacheblock frame in the 16-megabytecache,although much more than 16-
megabytesof memorywasreferencedover the billions of instructionsin the traces. The instructions
requiredto initialize the4-megabytecachefully rangesfrom 21 million instructionsfor theSortraceto
2.55billion for Lin, andthe multiprogrammedtracesrequirednearlya billion instructions. Again, the
direct-mappingwasa factorin thelong initialization timesof theselargecaches.
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Mult1 45 964 ∞

Mult1.2 93 1001 ∞
Mult2 127 670 ∞

Mult2.2 118 581 ∞
Tv 213 1028 4956
Sor 4 21 185
Tree 48 196 798
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Table 3.10. Instructions to Fill Direct-Mapped Secondary Caches.

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

Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á

Table3.11 showsthe initialization times requiredfor 4-way set-associativesecondarycachesof
thesamesize. Thecomparisonwith thedirect-mappedcachesshowsthat theflexibility of higherasso-
ciativity significantly reducedthe cacheinitialization time. The multiprogrammedtraceswereable to
initialize the 16-megabytecachefully here,but it still took billions of instructions. The requiredtrace
lengthfor themultiprogrammedtraceswasapproximatelyhalvedby changingthecachesto 4-wayset-
associativefrom direct-mapped.Tenmillions of instructionswererequiredto initialize the1-megabyte
cachefully, andhundredmillions of instructionswereneededfor the4-megabytecache.TheLin trace
did not initialize the 16-megabytecachebecauseit did not reference16-megabytesover the lengthof
thetrace.

ThoughtheEastonandFagindefinition of a warm-startmissratio is a safeone,the largeamount
of tracedatathat is requiredto initialize a multi-megabytecachefully, especiallywith limited associa-
tivity, can make the definition too costly. The useof this definition to analyzethe multi-megabyte
cachesconsideredin this work would lead to discardingmuch of the information containedin the
traces. Even the information containedin referencestringsthat neverentirely fill the cacheis useful
andshouldpreferablynot bewastedonly oncacheinitialization.

Thesemotivationsprompteda new definition of a warm cacheby Agarwal, et al., [AGHH88].
They definea cacheto be warm eitherwhenthe cachesaturatesas it becomesfull, or whenthe trace
saturates.A tracesaturateswhentheoriginal working setis loadedinto thecache.Theysuggestthata
uniform way to decidewhena simulatedcachemeetsthis definition is to detecta kneein thegraphof
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Mult1 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
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Table 3.11. Instructions to Fill 4-way Secondary Caches.

Shownarethetracedinstructionsrequiredto fill 4-wayset-associativesecondarycaches.
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the cumulativeinitialization referencesover the lengthof the trace,wherean initialization referenceis
thefirst referenceto a cacheblock frameduringa cold-startsimulation. Thekneeindicatesaslowdown
in theratethatcacheblock framesarebeingfilled. Both tracesaturationandcachesaturationcancause
the knee:cachesaturationbecausethe cacheis alreadyfull andtracesaturationsincefew new blocks
arebeingloaded.

Figure 3.13 plots the cumulativeinitialization referencesfor 1-megabyte,4-megabyte,and 16-
megabytecachesoverthefirst 300million instructionsof theMult1.2 trace. Therearenoobvioussigns
of tracesaturationsincethe curvesincreasesmoothly. Cachesaturationseemsthe dominantfactor in
decidingthethreshold,but onemight getanalteredperspectiveby changingthescalingof theaxis. As
an arbitrarychoice,the cachewasconsideredwarm aboutwhen80% of the cacheblockswerefilled.
From the datain Figure3.13 (andotherdata),20 million instructionswarmedthe 1-megabytecache,
while the4-megabyteand16-megabytecachesrequired120and700million instructions.

For all the traces,Table3.12 showsthe tracelengthsrequiredto warm a cacheusing the warm
definitionof Agarwal,et al., (andthe80%rule). All thetraceswereableto meetthenewdefinition for
all cachesizes. In particular,Lin andthemultiprogrammedtraceswereableto warmthe16-megabyte
cachesincethe cachesaturated.Comparisonwith the resultsin Table 3.10 showsthat considerably
shorter tracesmeet the conditions of the new definition. For instance,it reducesthe trace length
requiredby Tv by morethana factorof five for all cachesizes.

Thoughthe definition of Agarwal, et al. decreasesthe loss of information requiredto warm a
cache,a billion instructionsmay still be neededjust to warm up the largercachesusedin this study.
Thewarmtime is so largeis becauseit takesmanyinstructionsto referencelargeamountsof memory.
Locality of referenceimplies that small areasof memorywill be referencedovershortperiodsof time,
while only over long periodswill large amountsof memory be referenced.Figure 3.14 showsthe
memory referencedby eachtraceover time. The workloadsshow varying degreesof locality. Sor
referencesmostof the memoryit usesquickly. This showsits poor locality. The memoryreferenced
by the multiprogrammedtracesincreasesalmostlinearly over the entirerangeof instructions,perhaps
becausea substantialportion of missesis a resultof the continuousstartupandcompletionof smaller
processes.Billions of instructionsfrom thesememory-intensivetracesmay be requiredto reference
16-megabytesof memory. Clearly, billions of instructionswill be neededto warm a 16-megabyte
cache.
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Figure 3.13. Cumulative Initialization References for Beginning of Mult1.2.

This figureplotsthecold missesfor thebeginningof theMult1.2 trace,expressedasa fractionof the total
cachesize, for 1-megabyte,4-megabyte,and 16-megabytedirect-mappedsecondarycacheswith block
sizesof 128-bytes.
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Mult1 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
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Table 3.12. Instructions to Warm Cache to Knee.

This tableshowsthenumberof instructionsrequiredto warm1, 4, and16-megabytedirect-mappedcaches
with 128-byteblocksusingthedefinitionof Agarwal,et al. [AGHH88] from eachtrace.
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Cachewarmingis not requiredto removethecold-startbias. Alternatively,boundson cacheper-
formancecanbe determined,andthe cachecanbe considered warm whenthe boundsaresufficiently
small thatcold startis not a problem. Stoneadvocateshavingenoughmissespersimulatedcacheblock
frame(MPB) sothat thecacheMPI estimatewill beaccurate[STON90]. Thecacheneednot befull for
a high MPB, yet it canstill beconsideredwarm. An accurateMPI estimatecanbeobtainedif theMPB
is sufficiently high becausethe cold-start(or initialization) referencesarea small factor in cacheMPI
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Figure 3.14. Memory Referenced Over Length of Trace.

This figure showsthe memoryreferencedfrom the beginningof eachtrace,calculatedby the numberof
unique128-byteblocksreferenced,overthefirst threebillion instructionsof eachtrace.
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estimates.

An MPB of five is consideredsufficientto warmthecachebecausethecold-starterrorwill thenbe
at most 12.5%of the unbiasedMPI if half the cold-startreferencesareguessedto be misses,andthe
otherhalf arecountedashits. Table3.13showsthenumberof instructionsrequiredfrom eachtraceto
producean MPB of five (the MPB countscold-startreferences).The resultsshowthat severalbillion
instructionsareneededfrom most tracesto get an MPB of five with a 16-megabytecache,1 billion
instructionswill usuallygive anMPB of five for 4-megabytecaches,and100million instructionswill
usuallygive anMPB of five for 1-megabytecaches.TheLin tracewasunableto obtainanMPB of five
for thelargercachessinceit referencedsmalleramountsof memoryoverthelengthof thetrace.

Notethat thetracelengthrequiredfor anMPB of five increasesfasterthanthe inverseof theMPI
increaseswith cachesize. This is becausetherearemoreblock framesasthe cachesizeincreases.If
the MPI decreasesby 30%with eachcachesizedoubling,the tracelengthmustincreaseby a factorof
eight when the cachesize quadruplesto obtain the sameMPB value. (Equivalently,the tracelength
shouldincreasein proportionto thecachesizeraisedto thepower1.5 [STON90]. Thenextchapteralso
verifiesthis requiredtracelengthincrease.)This leadsto long requiredtracelengths,eventracescon-
tainingof billions of instructions,particularlyfor cachesizesin themulti-megabyterange.
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Instructions (Millions) for an MPB of 5ÖÕÖ�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�ÖÖÕÖ�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö�Ö
Direct-MappedCacheTrace 1M 4M 16M×Õ×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×

Mult1 20 50 2280
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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-mapped(top), 2-wayset-associative(middle),and4-wayset-associative(bot-
tom) secondarycacheswith block sizesof 128-bytes.Resultsareshownfor 1-megabyte,4-megabyte,and
16-megabytecaches.
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3.6. Conclusions

The first portion of this chapter describes the mechanism (implemented at DEC WRL
[BOKL89,BOKW90]) usedto gatherthelong tracesusedin this dissertation.Codemodificationof pro-
gramsat compiletime allowstheefficient tracingof thememoryreferencebehaviorof programswhile
they are executing,slowing executiontime by only a factor of ten while increasingthe codesize by
only a factorof 2.1. Thecodeof tracedprogramswritesentriesin a tracebuffer sothata cachesimula-
tor canreconstructall thememoryreferencesby analyzingthetracedata. This tracegatheringmechan-
ism collectspropermultiprocessmemoryreferenceinterleavingssinceall processeswrite into a com-
mon tracebuffer. It alsoovercomestracelengthlimitations usingoperatingsystemmodificationsthat
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allowed many smaller tracesto be concatenatedinto a single long tracewith little distortion in the
fluidity of thetrace;thetracedataappearedasasinglelong trace.

This chapteralsodescribesthe techniquesusedto compressandstorethe tracedata. Techniques
similar to thoseintroducedby Samples[SAMP89] helpedstorethe tracesin a small amountof space.
Eachmemoryreferencein thetracesrequiredonly a few bits of storage.

A suiteof workloadsthat arelargeconsumersof memory(by the standardsof 1990)weretraced
sincefuture workloadswill likely be larger,and,sincelarge workloadscan exercisemulti-megabyte
caches.The tracedprogramswere combinedinto both uniprogrammedand multiprogrammedwork-
loads that usememoriesup to 100-megabytes.The workloadsare a predictionof the workloadsof
future engineeringworkstations.They includedCAD (C), scientific (Fortran),Scheme(LISP dialect),
andUnix utility programs.A largeportion of the referenceswithin the multiprogrammedtracescome
from largeprocessesthat run for hundredsof millions of instructions. This chapteranalyzesthe traces
in detail. It gives miss frequenciesfor a variety of large secondarycachesand the primary caches.
Doubling the cachesizedecreasesthe MPI by a largeramountthan doubling the associativityof the
cache.

Thetracedworkloadshavewidely varyingmemoryaccesscharacteristics,evenacross100million
instructionsor more. Long tracescapturethevariability in thevariousphasesof applicationexecution
to moreproperlycharacterizetheir memoryreferencebehavior. Long tracescanbeusedto understand
programbehaviorby relatingcacheperformanceto changingexecutionphases.Compulsorymissesare
asignificantfactorin theperformanceof thelargecachesin this study. Long tracescapturemorework-
loadbehaviorandallow cacheperformanceto bemoreadequatelycharacterized.

Long tracesovercomethe large cold-starteffect that occurswhen simulating large cacheswith
short traces. Even with severaldifferent definitionsof a warm cache,billions of instructionsmay be
neededto initialize thelargercachesconsideredin this study. Thenextchapterexaminestechniquesto
minimize the cold-startbias in short traces(time-samples).It showsthat tracesof billions of instruc-
tionsarenot requiredfor accuratemeancacheMPI prediction. Still, long tracesareextremelyusefulso
that multi-megabytecacheinitialization is only a small portion of a cachesimulation. Long tracesare
mostflexible sincetheyallow manydifferentcacheperformancemetricsto begatheredwithout sophis-
ticatedcold-startreductiontechniques.
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Chapter 4

Trace-Sampling Techniques

4.1. Introduction

The previouschaptershowedthat long traces(including the memoryreferencesof manyinstruc-
tions) aredesirablefor multi-megabytecacheperformanceanalysis. Long tracescapturemanyphases
of a workload’sexecution,eachof which may havewidely varying cacheperformance.Cacheperfor-
manceis more accuratelycharacterizedwith memory referencesfrom the executionof more algo-
rithmic phasesovera longertime. Long tracesalsomitigatethe effectsof cacheinitialization, or cold
start[EASF78], evenin multi-megabytecaches.Long traceswould alwaysbeusedif it weren’t for the
difficulty in obtainingthem,their largestoragerequirements,andthe long simulationtimesrequiredto
usethem.

This chapteris the first comparisonof different trace-samplingtechniques.Trace-samplingtech-
niquescan accuratelyestimatemeancacheperformanceusing fewer resourcesthan with long (full)
traces. Tracesamplinggreatly reducessimulation (and storage)requirementsbecauseit usesonly a
small fraction of the full tracereferences.With a fixed tracingbudget,tracesamplescangive a better
cacheperformanceestimatethanlong tracesbecausethesamplescancapturecacheperformanceovera
longer time frame. This chapterfocuseson the accuracyand resourcesavingsof tracesamplingby
comparingthesimulationresultsfrom full-tracesamplesto the full-tracesimulationresults. Figure4.1
illustratesa full tracein a time-spacediagram,whereeverymemoryaccessis explicitly shownto refer-
encea cacheset. This chaptercomparesthe two different trace-samplingtechniquesthat samplethe
full traceby slicing this diagram. Set samplesarehorizontalslicesin the time-spacediagram,while
time samplesareverticalslices. Eachsampleincludesonly aportionof thefull tracereferences.
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Figure 4.1. Sampling as Vertical and Horizontal Time-Space Slices.

This figureshowsa time-spacediagrampictorially representingthememoryreferenceswithin a tracedur-
ing a simulation. Eachmemoryaccessoccursat a certaintime andreferencesa particularcacheset. The
vertical andhorizontalslicesrepresenttime samplesandsetsamplesof the full trace,respectively.Real
tracesaremuchlongerthanthetracedepicted.
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Puzakintroducedset sampling (congruenceclasssampling)in his thesis[PUZA85]. Setsampling
estimatescacheperformanceby simulatingonly a portionof thecachesetsover theentiretrace. A set
sampleis aprobeinto thecachethatcapturesthebehaviorof somecachesets. If all setsarestatistically
identical, then a sampleof only a few setsfor a long enoughperiod will give accuratecacheperfor-
manceestimates[HEIS90].

Laha,et al., advocatedtime sampling to reducetracedatarequirements[LAPI88,LAHA88]. Time
samplingselectstime-contiguousreferencesfrom the full trace. The ideaof time samplingis to simu-
late short intervalsof the full trace. A time sampleis a probeinto a traceat a randompoint that cap-
turescachebehaviorovera shortperiod. Sincetracesexhibit widely varyingmemoryreferencecharac-
teristicsover long executionperiods,different time samplesmaygive entirelydifferentcachebehavior,
asevidentfrom the resultspresentedin Chapter3. Laha,et al., havepreviouslyshownthat 35 time-
samplescanadequatelycharacterizecachebehavior.

This chaptercomparesboth the usageflexibility andaccuracyof setsamplesand time samples.
Theusageflexibility of a sampleis therangeof cacheconfigurationswhereit canbeused.Usageflexi-
bility is essentialbecauseit maybedifficult or expensive(perhapsevenimpossible)to resample,andit
may determinewhen samplescan obviate full traces. Ideally, any performancemetric of any cache
could be measuredwith a singlefixed setof samples.In practice,both setsamplesandtime samples
areonly useful for a limited rangeof cacheconfigurations.This chaptershowshow to createusage-
flexible set-samples,andhowto detectwhentime samplesshouldor shouldnot beused.

This chaptercomparesthemeanmulti-megabytecachemissesperinstruction(MPI) predictionsof
setsamplingandtime samplingusingthe tracesdescribedin Chapter3. Two conditionsareusefulfor
samplingaccuracy:(1) individual samplesshould give unbiasedestimates,and (2) the samplesize
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shouldbe large enoughto minimize samplingerror. For (2), ratherthan countingsetsor individual
time-samples,the fraction of tracedatarequiredfor an acceptablesamplingerror is measured.The
resourcesavingsof setsamplingandtime samplingis thendirectly compared.

For unbiasedsetsampling,setsmustbeproperlyprobed:all the full tracereferencesto eachsam-
pled set, and no others,should be containedin the sample. This chapterintroducesusage-flexible
constant-bitssamplesthat are (unbiased)set samplesfor multi-level cacheswhoseset-indexingbits
containtheconstantbits.

The cold-startproblemcanbiasshort time sampleresultsbecausethe cachestateis unknownat
the startof a time sample[EASF78]. This chaptercomparesseveraltechniquesto reducethecold-start
bias:Laha,et al., lessencold startby initializing individual cachesetsratherthaninitializing theentire
cache,andStonedoesthe samefor direct-mappedcaches[STON90]; Agarwal,et al., stitch togethera
longer trace out of shorter time samples[AGHH88]; and Wood, et al., predict the initialization
(unknown)referencemiss ratio usinga renewal-theoreticmodel [WOHK91]. For thirty time-samples
from the tracesusedin this dissertation,this chaptershowsthat the Wood,et al., techniqueminimizes
thecold-startbias. Thoughthebiasis greatlyreduced,time samplesof tenmillion instructionsor more
maystill berequiredto overcomeit.

The 10% samplinggoal of this chapteris: errorsof lessthan10% (with 90% confidence)using
less than 10% of the full tracedata. Set samplingmeetsthe 10% goal, but time samplingmay not
becausehundredsof extremelylargetime-samplesmayberequiredfor thedesired10%accuracy.Time
samplingmay only be more useful when the timing of referencesand the interactionamongsetsis
important. Given that sampleusagerestrictionscan be tolerated,set samplinggives more accurate
multi-megabytecacheMPI estimatesusinglessof thefull traces.

Section4.2 introducesconstant-bitsset-samples,showsthe set-samplingerrorsfor different frac-
tionsof the full tracedata,anddevelopstechniquesto establishthe level of confidencein set-sampling
results. Section4.3comparesthecold-startreductiontechniques,statessufficientconditionsto remove
the time-samplecold-startbias, showsthe time-samplingaccuracyfor different fractionsof the full
tracedata,anddevelopstechniquesto establishconfidencein time-samplingresults. Finally, Section
4.4summarizestheresultsof this chapter.

4.2. Set Sampling

Setsamplingis thefirst trace-samplingtechniqueexaminedin this chapter.This sectiondiscusses
key considerationsin producingandusingsetsamples:(1) how to constructusage-flexibleset-samples,
and how to get unbiasedand accurateMPI estimatesfrom them; (2) what fraction of the tracedata
(equivalently,what fraction of the sets)is neededfor a desiredaccuracy,and how can the sampling
accuracybeestimatedusingonly thesampleddata?

4.2.1. Obtaining Unbiased Estimators from Set Samples

4.2.1.1. Constructing the Set Sample

A key to obtainingaccurateestimatesfrom a setsampleis properlyconstructingthe sample,or
choosingthe referencesthat shouldbe included in or excludedfrom the sample. When sampled,a
simulatedsetshouldsee(or receive)preciselythesamereferencesasin the full tracesimulation. This
canbe guaranteedif the samplecontainseitherall or noneof the full tracereferencesto eachsampled
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set11.

Definition 4.1. Set Sample.

A set sample containsexactly the subsetof accessesfrom a full tracethat referencea
portionof thesets,thesampledsets. Theaccessesalsomustoccurin thesameorderin
thesampleasin thefull trace.

A sampleof the full tracereferencesmaybea setsamplefor onecache,while it is not a setsamplefor
anothercache.Thesampleis not a setsampleif it includesat leastone,but not all, of thereferencesto
acacheset. Forexample,acachewith a largerblock sizewill havefewersets;referencesto a singleset
mayonly beaportionof thereferencesto asetwhentheblock sizeis larger.

In effect,therearerestrictionson theuseof anindividual setsample.To permitanalysisof many
cacheswith differentblock sizes,associativities,andnumberof sets,a samplemustmeeta wide range
of restrictions.Puzakrandomlyselectedsets[PUZA85], but this methodis inflexible andinadequatefor
multi-level cachesimulationssinceit assumesfixed set-indexing. Primary cacheset-indexingis dif-
ferentfrom thesecondarycacheset-indexing,soa randomselectionof secondarycachesetsis probably
not a randomselectionof primary cachesets;for example,a sampleof a single secondarycacheset
maynot bea setsamplefor the primary cachebecauseit may includeonly some(not all) of the refer-
encesto a single primary cacheset. The constant-bitssamplingtechniqueintroducedin this chapter
producesa singlesamplethat includesreferencesto manysets,andcanbe usedwith a wide rangeof
caches,includingmulti-level configurationswith varyingprimaryandsecondarycacheset-indexing.

The simple constant-bitssampleconstructiontechniqueselectsthe portion of memoryaccesses
thathavegivenvaluesfor someaddressbits.

Definition 4.2. Constant-Bits Sample.

A constant-bits sample of a full trace,for bits i ∈ CONSTANT (the constantbits), re-
tainsonly thosereferenceswhoseaddresseshavegivenconstantvaluesin bit positionsi
of their address,andpreservestheir ordering.

For example,a constant-bitssampleincluding about1/4 of the memoryaccessesincludedin the full
traceselectsonly thoseaddressesthathavezeroesin two addressbits, suchasbits five andsix (assume
bit zerois the low orderbit andbyteaddresses).Bits five andsix arethentheconstantbits of this sam-
ple. Theorem4.1 provesthat a constant-bitssampleis a setsampleexactlywhentheset-indexingbits
of thecachecontaintheconstantbits.

Theorem 4.1.

Considera set-associativecachethat usessimpleaddressbit-selection12 to choosethe
å�å�å�å�å�å�å�å�å�å�å�å�å�å�å�å

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

12. This meansthe set-indexingbits come directly from the addressof the memory access[SMIT82].
With other thansimplebit-selectioncacheindexing,the scenariois morecomplicated. In particular,since
PID-hashingis usedin this study,careis takento ensurethat thehashedindex bits did not overlapwith the
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set that a referencewill access.A constant-bitssample(Definition 4.2) from an arbi-
trary full trace is a set sample(Definition 4.1) if and only if the set-indexingbits,
INDEX, of the cachecontain the constantbits CONSTANT (CONSTANT ≠ ∅) (i.e.
CONSTANT ⊆ INDEX).

Proof - Thecorrectaccessorderingsareclearlyupheldwith a constant-bitssample,so
this proof ignoresorderingto concentrateon whetherthe sampleincludeseitherall or
no referencesto eachset.

Necessary Condition -

A contradiction(contra-positive)will beshown. Supposetheindexingbits do not
containtheconstantbits, that is, thereexistsa bit i suchthat i ∈ CONSTANT and
{i} ∩ INDEX = ∅. An addressthatdiffers only in bit i couldbeconstructedfrom
any addresscontainedwithin the sample. This addresswould index to the same
setin thecacheastheaddressit is constructedfrom, yet it would not becontained
in the sample. This implies that only somereferencesto the given set from an
arbitraryfull tracemaybecontainedwithin thesample,which further implies the
sampleis not asetsample.

Sufficient Condition -

A contradictionis againshown. Considertwo referencesin the full trace that
index to the sameset,one that is from the sampleand anotherthat isn’t. Two
suchreferencesmustexist whena sampleis not a setsample. The addressesof
thesereferencescannotbe the same,for if they were,they would eitherboth be
includedor excludedfrom thesample.Let DIFF bethebit positionsthat the two
addressesdiffer, notethat DIFF ∩ INDEX = ∅ sinceboth addressesindex to the
sameset. It also must be true that DIFF ∩ CONSTANT ≠ ∅ sincean address
canbe includedin the tracewhile the otheris excludedonly if they differ in the
bits in CONSTANT. This meanstheremust exist an i suchthat i ∈ CONSTANT
and{i} ∩ INDEX = ∅, which implies that the indexingbits containthe constant
bits.

Thus,theusagerestrictionsof a constant-bitssamplecanbepreciselystated. For example,the sample
with constantbits five andsix would be a setsamplefor bit-selectcacheswhoseblock sizesare less
thanor equalto 32 bytesandwhosecachesizedivided by associativityis greaterthanor equalto 128
bytes.

Cachehierarchiesimposethestrictestrestrictionson theuseof samples,but constant-bitssamples
cantoleratethem. Whenthe indexingbits of all cachesin a multi-level hierarchycontaintheconstant
bits, a sampleis a setsamplefor thehierarchyasa wholebecausethesampledsetsof all cachesin the
hierarchysee(receive)the samereferencesasthey would with the full trace. The constantbits in this
study were chosenso that the constant-bitssamplesare set samplesfor all the two-level cache
configurations.

æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ
constantbits, so the constant-bitssamplesare also set-samples.Note that thoughthis study usesvirtual-
indexing, the constant-bitstechniqueis equally applicableto real-indexedcaches,and it evenworks with
hierarchicalconfigurationsincluding both real andvirtual indexedcachesif the constantbits arebelow the
pageboundary.
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4.2.1.2. Estimating MPI With a Set Sample

Givenasetsamplei, theobviousway to estimateMPI is by MPIi =
Ii

Miç,ç"ç , whereMPIi is themisses

per instructionestimatefor setsamplei, Ii is thenumberof instructionreferencesincludedin i, andMi

is the numberof missesin the simulationof i. While this calculationof the MPI estimatemay make
intuitive sense,it producespoor results. Considerseveraliterationsof a tight instructionloop that lim-
its the instructionaccessesto a single set. The different iterationsof the loop could causemissesto
occur in all sets,thoughall instructionreferencesareto only a singleset. The MPI estimatefrom the
restof the setswould be infinite. AlternativeMPI calculationsmustbe consideredto solvethis prob-
lem.

This chapterestimatesthe MPI of a set samplei by MPIi =
fi × I

Miè è"è"è"è , where I is the numberof

instructionsin thefull trace,and fi is thesamplingcorrectionfor I with setsamplei. If fi is thefraction

of instruction referencesincluded in set samplei, fi(instr), then this equationis precisely
Ii

Miéêé"é since

fi×I = Ii. Other straightforward fi ’s are: the fraction of memory references(instruction and data)
included in the set sample,fi(refs), the fraction of data (non-instruction)references,fi(data), or the
fraction of setsincludedin the setsample,fi(sets). fi(sets) is the simplestof theseoptions. No infor-
mation from the tracedataitself is neededto calculatefi(sets); it associatesan equivalentportion of
eachinstructionwith eachcacheset,which is intuitive becauseanyinstruction(loador store)cancause
acachemissin anyset.

For the tracesconsideredin this dissertation,Table4.1 showstheestimationerrorsrelativeto the
full traceMPI, given by the coefficientof variation13 of the MPIi estimatesusing the different fi ’s.
fi(sets) givesMPIi estimateswith coefficientsof variationerrorsthatareanorderof magnitudesmaller
than for the other fi ’s. This simple fi(sets) is superiorbecausethe different sampleshavenearly the
samenumberof cachemisses,eventhoughthe numberof references(or instructions)is not the same.
That is, Mi is nearlythe sameasMj for any given i and j. Using any other fi basedon the references
includedin asamplegivesinaccurateresultssinceit addsanunneededrandomfactorto MPIi.

The Sor and Lin tracesin Table 4.1 illustrate the inaccuraciesof fi(instr). Theseare both
scientific codes;the largeerrorsarea resultof the isolationof instructionreferencesto a few sets,as
expectedfrom the previousexample. Note that for thesetwo traces,fi(data) is more accuratethan
fi(refs) becausethedatareferencesaremoreevenlydistributedacrossthesetsthanareinstructions.

For all theset-samplingresultsgiven in this chapter,fi(sets) is used. Besidesthe referencescon-
tainedin thesetsample,this requiresknowing fi(sets) × I for thesample,but this is only a tiny amount
of addedinformation.

ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë
13. This deviatesslightly from the standardterminology. Normally, the coefficientof variation is the

standarddeviationdivided by the (simple arithmetic)mean. Strictly speaking,this only holds for fi(sets).
For theother fi ’s, Table4.1 givesthe root-mean-squarederror (relativeto the full traceMPI) of the MPIi ’s,
dividedby thefull traceMPI.
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Coefficient of Variation of MPI Calculations (percent)ïîï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ïïîï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï�ï
Full Trace fi TechniqueTrace MPI×1000 fi(sets) fi(instr) fi(refs) fi(data)ðîð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð

Mult1 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% ∞ 339.0% 86.2%
Tree 0.59 6.8% 191.9% 148.2% 249.7%
Lin 0.09 7.6% ∞ 886.3% 265.2%ñîñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ
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Table 4.1. Errors of Different Set-Sample MPI Estimates.

This tableshowsthecoefficientof variation(relativeto thefull traceMPI) of theMPIi resultsfor different
fi ’s. Theseresultsare for a 4-megabytedirect-mappedsecondarycacheandsetsamplesof 1/16 the full
trace.

Thecoefficientof variationis calculatedasin Equation2.3 in Section2.5. MPItrue is the full traceMPI in
thatequation,andn is thenumberof samplesthatconstitutethefull trace(n = 16 for differentsetsamples
of 1/16 thesets).

ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó

4.2.2. What Fraction of the Full Trace is Needed?

This sectionexaminesthe accuracyof the meanperformanceestimatesobtainedwhenset sam-
pling with differentnumbersof sets,or equivalentlywith differentfractionsof thefull trace. This study
considerssampleusageflexibility important,so only singleconstant-bitssamples(eachcontainingthe
referencesto manysets)areused. Sincetheconstant-bitstechniquedoesnot selectrandomlyfrom the
sets,but insteadselectssetsbasedon addressbits, set samplesof full tracesthat unevenlyreference
their addressspacecouldgive inaccurateperformanceestimates.Any individual setsamplecouldbea
biasedestimatorof MPI becausesomesetsare underutilizedor overutilizedcomparedto the others.
This sectionexaminesthe variationsin performanceestimatesacrosssetsamplesto find any effect of
thenon-randomsetselectionin constant-bitsset-samples.

Figure4.2 comparestheestimatesobtainedfrom 16 setsamplesof the Mult1.2 trace(eachabout
1/16 of thereferencesof the full trace)with theactualcacheperformanceover time. Thefigureshows
the MPI of the full traceandthe MPI estimatesof the setsamplesfor a 4-megabytesecondarycache.
Note that the four constantbits areat the sameaddresspositionfor eachsample. The 16 setsamples,
andtheir correspondingMPI estimates,comefrom the 16 different valuesof thesefour constantbits.
The lines aredifficult to distinguishon the graph. This showsthat thereis little deviationin the set-
sampleMPI estimatesfor differentvaluesof theconstantbits. The MPI variationsamongthe samples
aremodestwhencomparedto the full traceMPI over the intervalsof 100million instructions.Similar
behaviorfor the other tracesexaminedin this study make set samplingpromising. No correlation
betweenthevaluesof theconstantbits andtheaccuracyof theset-samplingperformanceestimatorwas
found. Non-randomset-selectiondid not bias any individual set-samplingperformanceestimatesfor
the Mult1.2 trace. Constant-bitsset-samplesgaveaccurateperformanceestimateswith all the traces
usedin this study. Constant-bitssampleswerefoundto beequallyor moreaccuratethanrandomsam-
ples.

Using time-intervalsof 100million instructions,Figure4.2 showsthat setsamplescorrectlyesti-
matecacheperformanceacrossdifferent executionphases,asshownby The peaksandvalleys in the
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Figure 4.2. Set Sampling on the Mult1.2 Trace.

This figureshowstheactualMPI’s (solid line) with thepredictedMPI’s from eachof 16 differentsetsam-
ples(dottedlines) for the Mult1.2 trace. Eachsetsamplecontains1/16 of the tracedataof the full trace.
4-megabytedirect-mappedsecondarycacheresultsareshown. Eachpoint is theaverageover theprevious
100 million instructionsof the full trace. Bits 8-11 (bit zerois lowest-orderbit) of the byte addressesare
theconstantbits.
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MPI over the trace. Thedifferencesin MPI arelargefor differentphases,but eachsetsamplefollows
eachpeak and valley extremelyclosely. The inclusion of referencesfrom many phasesis a major
advantageof setsamplingovertime sampling. In contrast,a time samplecontainsreferencesfrom only
a few phases.

Figure4.3plots thedistributionof theMPIi estimatesfor theMult1.2 trace. Thefigureshowsthe
distributionsfor samplesof 1/4, 1/16,and1/64of thetracedata. Notethatthereare4, 16,and64sam-
plesthat produceeachdistribution,respectively.The performanceestimatesfrom the 1/4 samplesare
closeto the true valueof 0.69missesper thousandinstructionsfor the full trace,confinedto only two
bins aboutthis meanin Figure 4.3. The distribution of the set samplesbecomesmore spreadout as
eachsampleincludesa smallerportionof thefull trace. This is not surprisingsincethesampleincludes
referencesto fewer sets;larger randomfluctuationswill inevitably occur. The 1/64 sampleshavea
considerablymore sparsedistribution, only confinedover a rangeof 15 bins, but still mostly within
10%of themean.

Notice that the distributionsshownin Figure4.3 look normal. Sincethe statisticsrepresentedin
this distributionarethemeanfor manyindividual sets,thecentrallimit theoremsuggeststhat thedistri-
butions should be normal (if the sets are independent)[M ILF77]. The Kolmogorov-Smirnovone-
sampletestwasusedto comparethe1/64 sampledistributions(normalized)to thestandardnormaldis-
tribution [DEGR75]. Thequantitativeresultsarenot shown,but qualitativelytheresultsweremixedfor
the different traces. Somemultiprogrammedtracesfit the normalcurvesclosely,while someextreme
samplesresultedin apoorfit with TreeandLin.

Table 4.2 showscoefficientsof variation of the set-sampleMPI’s for direct-mappedsecondary
caches.It showsthat largersamplesaremoreaccuratethansmallersamples;this is expectedbecause
the largersampleshavemoresetsto evenout thevariationsacrosssets. Thecoefficientof variationof

the meanof n independentrandomvariables(with the samemeanand variance)is
√ö ön
1÷ ÷"÷"÷ times the
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Figure 4.3. Distribution of Set Samples from the Mult1.2 Trace.

This figure showsthe distributionof MPIi performanceestimatesfrom setsamples.The x-axis partitions
the set samplesinto different bins dependingon their MPIi (at intervalsof 0.01 missesper thousandin-
structions). The figure showsdistributionsfor samplescontaining1/4, 1/16, and 1/64 of the Mult1.2
trace. 4-megabytedirect-mappedcacheresultsareshown. Theconstantbits areat bit positions8-9, 8-11,
and7-12for 1/4, 1/16,and1/64samples,respectively.
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coefficient of variation of the individual random variables. Thus, if the sets are independent,the
coefficientof variationshoulddecreaseasthesquareroot of thenumberof setsin thesample[STON90],
or it shouldbehalvedeachtime thesamplesizeis quadrupled.Indeed,theresultsshowthis trend. For
examplewith the4-megabytecachefor Mult1.2, thetwo samplesizequadruplingsfrom 1/64 to 1/16 to
1/4 reducesthecoefficientby 54%and53%.

The coefficientsof variation in Table4.2 with 1/4 of the setsincludedin the samplearesmall,
usuallylessthan2% of theactualmean;Treehasthe largestoneat 6% for the4-megabytecache.For
1/64 samples,the variationsarealsoacceptable,often lessthan5% andalwayslessthan15% of the
true mean;Tree and Lin traceshavethe largestonesat 14% and 15%, respectively. Generally,the
errorsfrom theset-samplingMPI estimatesarereasonableconsideringthe tracedatareductions.If the
set-sampleMPI’s arenormally-distributed14, thetherelativeerrorof over90%of theMPI sampleswill
be lessthan±1.65 times the coefficientof variation. For mostof the 1/16 samplesin Table4.2, 1.65
timesthecoefficientof variationis well under10%,soa set-samplingtracereductionfactorof 16 gives
errorslessthan10%with at least90%confidence.This suggeststhatsetsamplingmeetsthe10%sam-
pling goal.

Table4.2 showsa slight tendencyfor variationsto decreasewith largercaches.Thereareseveral
reasonswhy this might occur. The largercacheshavemoresetsandthusthereis lesscompetitionfor
individual setsthan with the smallercaches,so the variancesbetweenthe performanceof individual
setscouldbesmaller. Furthermore,eventhoughthesamplesarea fixed portionof eachtrace,theycon-
tain thereferencesto moresetsin thelargercaches,andmoreaveragingalwaysreducesstatisticaldevi-
ations. More dataneedsto be gatheredto find if thereis a relationshipbetweenerror andcachesize.
ú�ú�ú�ú�ú�ú�ú�ú�ú�ú�ú�ú�ú�ú�ú�ú

14. Figure4.3suggeststhedistributionsarenormal. Additionally, thesamplesarethesumof hundredsor
thousandsof individual sets,sothecentrallimit theorem[M ILF77] suggeststhat thedistributionsof thesam-
plesshouldbecloseto normalif theyareindependent.
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Set-Sampling Coefficients of Variation (percent)ý ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ýý ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý�ý
Full Trace Fractionof Setsin SampleTrace Size MPI×1000 1/4 1/16 1/64þ þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ�þ

1M 1.55 1.7% 4.3% N/A
4M 0.70 1.4% 2.3% 4.8%Mult1

16M 0.33 1.0% 1.6% 2.7%ÿ ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ
1M 1.45 0.8% 2.9% N/A
4M 0.69 0.9% 1.9% 4.1%Mult1.2

16M 0.32 0.4% 1.5% 3.2%� �����������������������������������������������������������������������������������������������������������
1M 1.24 0.8% 3.4% N/A
4M 0.61 1.0% 1.9% 2.9%Mult2

16M 0.26 1.1% 2.3% 3.3%� �����������������������������������������������������������������������������������������������������������
1M 1.18 0.4% 2.7% N/A
4M 0.59 0.6% 1.3% 2.5%Mult2.2

16M 0.27 0.7% 1.8% 3.4%� �����������������������������������������������������������������������������������������������������������
1M 2.63 0.7% 1.9% N/A
4M 1.88 0.2% 0.6% 2.1%Tv

16M 1.03 0.5% 0.6% 2.0%� �����������������������������������������������������������������������������������������������������������
1M 14.77 0.1% 0.4% N/A
4M 7.54 0.1% 0.3% 0.7%Sor

16M 1.97 0.0% 0.0% 0.1%� �����������������������������������������������������������������������������������������������������������
1M 2.16 4.1% 5.6% N/A
4M 0.59 5.3% 6.8% 13.6%Tree

16M 0.30 1.8% 4.1% 6.5%� �����������������������������������������������������������������������������������������������������������
1M 1.16 0.5% 3.3% N/A
4M 0.09 2.0% 7.6% 15.0%Lin

16M 0.02 0.0% 0.3% 0.5%� �������������������������������������������������������������������������������������������������������������
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Table 4.2. Set Sampling Coefficients of Variation for Direct Mapped.

This tableshowstheactualMPI of the full tracefor direct-mappedcaches,andthecoefficientof variation
of theset-samplingMPI estimates,calculatedasin Table4.1. The samplescontain1/4, 1/16,and1/64of
thetracedatain thefull trace. SomeentriesaremarkedN/A becausethePID hashingoverlappedwith the
constantbitssothesampleswerenotsetsamples.	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	

Suchanerrorreductioncouldmakesetsamplingevenmoreusefulascachesizescontinuallyincrease.

Table4.3 shows2-way set-associativeresultslike the direct-mappedresultsgiven in Table 4.2.
Often, an associativityincreasefrom direct mappedto 2-way reducesthe set-samplingcoefficientof
variation by more than 50%. Set-samplingaccuracyimproveswith higher associativitybecauseset-
associativityeliminatescacheconflict misses[HILS89]. In direct-mappedcaches,conflictscausea sub-
stantialportion of the misses.A particularlybadconflict cancauselargedirect-mappedset-sampling
errorsbecausetheconflictingsetmisrepresentsthebehaviorof theothersets.

A largerangein the distributionof the setsamplesis undesirablesinceit canleadto largevaria-
tions in thecacheperformanceestimatedfrom anindividual sample.Figure4.4 showstherangeof the
set samplesfor 4-megabytesecondarycachesto more fully understandtheir accuracylimitations.
There is a substantiallydifferent range in the distributions for the different traces. The multipro-
grammedtracesexhibit similar behaviors;therangeof thesamplevaluesis modest,evenfor 1/64of the
full trace. The Tv andSor tracesalsohavesmall ranges.However,the TreeandLin traceshavecon-
siderablylargerranges.This is closelyrelatedto thelargererrorsshownby TreeandLin in Table4.2.
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Set-Sampling Coefficients of Variation (percent)
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Full Trace Fractionof Setsin SampleTrace Size MPI×1000 1/4 1/16 1/64���������������������������������������������������������������������������������������������������������

1M 1.19 1.2% 2.2% N/A
4M 0.55 1.0% 1.7% 3.0%Mult1

16M 0.26 0.8% 1.6% 2.3%���������������������������������������������������������������������������������������������������������
1M 1.18 0.7% 1.6% N/A
4M 0.56 0.5% 1.2% 2.2%Mult1.2

16M 0.28 0.5% 1.3% 2.1%���������������������������������������������������������������������������������������������������������
1M 1.01 0.3% 1.9% N/A
4M 0.52 0.6% 1.2% 2.0%Mult2

16M 0.24 0.9% 1.9% 3.3%���������������������������������������������������������������������������������������������������������
1M 0.98 0.3% 1.8% N/A
4M 0.51 0.5% 1.5% 1.9%Mult2.2

16M 0.22 0.9% 2.1% 3.5%���������������������������������������������������������������������������������������������������������
1M 2.31 0.2% 0.6% N/A
4M 1.76 0.3% 0.3% 1.6%Tv

16M 0.98 0.3% 0.7% 1.9%���������������������������������������������������������������������������������������������������������
1M 14.66 0.0% 0.3% N/A
4M 7.76 0.0% 0.2% 0.5%Sor

16M 1.92 0.0% 0.0% 0.1%���������������������������������������������������������������������������������������������������������
1M 1.81 2.3% 3.7% N/A
4M 0.49 0.8% 1.5% 3.8%Tree

16M 0.26 0.3% 0.4% 1.1%���������������������������������������������������������������������������������������������������������
1M 1.10 0.3% 2.6% N/A
4M 0.06 1.2% 6.0% 9.8%Lin
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Table 4.3. Set Sampling Coefficients of Variation for 2-Way.

This tableshowstheMPI of thefull tracefor 2-wayset-associativecaches,andthecoefficientof variation
of theMPI estimates,similar to Table4.2.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

The1/64 samplesfrom TreeandLin wereexaminedin moredetail to find thecauseof thewider
performancerangeacrossthe setsamplesin the direct-mappedcase.For both theTreeandLin traces,
two of the 1/64 set-samplesproducedmarkedlyhigherdirect-mappedMPI’s thanthe restof the sam-
ples. Thesesetsamplesarethe causeof both the high maximumandthe low minimum in Figure4.4;
the two sampleswith higherMPI’s biasedthe full traceMPI upward,causingthe low minimum. The
sametwo samplesdid not producethehighestMPI estimatesfor the2-wayset-associativecaches.This
showsthat the cacheconflicts that were eliminatedby higher associativitycausedthe large direct-
mappedTreeandLin sampleestimates,aspreviouslysuggested.The performanceestimateobtained
from any setsamplecould be biasedby a heavily-conflictingset. Notice that the rangeof the sample
estimatesis muchsmallerfor 2-wayset-associativitybecauseconflictsareeliminated.

Givenanindividual set-sample,it would beusefulto estimatetheerrorof its MPI estimate,using
only the informationcontainedwithin thesample.Thecoefficientsof variationshownin Tables4.2and
4.3 werecalculatedusingthe full traceinformation. Instead,coefficientsof variationcanbeestimated
from the sampleitself usingthe techniquesfrom Section2.5. SinceMPIi is themeanMPI from many
sampledsetswithin samplei, its coefficientof variationcanbe estimatedby measuringthe variations
amongthe setswithin samplei. Table4.4 comparesthe averageestimatedcoefficientof variationof
the MPIi ’s (the ‘‘individual’’ column)with the actualcoefficientof variationof the MPIi ’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 estimatesfor 4-megabytedirect-mapped(top) and2-
way set-associativesecondarycacheswith block sizesof 128 bytes. The rangesaregiven relative to the
MPI of the full tracefor 1/4 (smallestcross-hatchedbox), 1/16 (hatched),and1/64 (largestunfilled box)
samplesizes.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

estimatedcoefficientof variationobtainedwith (constant-bits)batchesof the sampledsets,ratherthan
individual sets. Batchingpartitions (or batches)the setswithin a sample,averagesthe setswithin a
batchtogether,andtreatsthebatchmeansjust asif theywereindividual sets15.

The coefficient of variation resultsin Table 4.4 show that the individual estimatetendsto be
larger thanboth the batchedestimateand the actualvalue. This is especiallytrue for the Sor results.
The differencein the estimatesoccursbecausethe setswithin the sample(andwithin the batches)are
not a randomselection.Theoverlapof theSorarraysin thevirtual-indexedcachecauseslargecontigu-
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-bitsbatchesgetequalpiecesof eachchunk,sotheir MPI estimatesarea muchmoreaccu-
rateestimateof thetrueMPI acrossall sets.

�������������������������������
15. Therearefewerbatchesthansets,but thebatchmeanshavea lower varianceanda morenormaldis-

tribution.
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Coefficientof Variation Batched90%Sample   � � � � � � � � � � � � � � � � � � � � � � � � � � � � � Confidence
Estimates IntervalTrace

Size Actual Individual Batched Successes(%)!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!
1/4 1.4% 1.4% 1.0% 75.0%
1/16 2.3% 3.0% 2.9% 100.0%Mult1
1/64 4.8% 6.0% 5.7% 93.8%"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"�"
1/4 0.9% 1.0% 0.8% 100.0%
1/16 1.9% 2.2% 2.0% 100.0%Mult1.2
1/64 4.1% 4.4% 4.0% 89.1%#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#
1/4 1.0% 0.9% 0.7% 100.0%
1/16 1.9% 1.9% 1.9% 87.5%Mult2
1/64 2.9% 3.8% 3.3% 93.8%$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$
1/4 0.6% 0.8% 0.5% 100.0%
1/16 1.3% 1.7% 1.9% 100.0%Mult2.2
1/64 2.5% 3.5% 3.2% 96.9%%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%�%
1/4 0.2% 0.4% 0.6% 100.0%
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1/4 5.3% 2.2% 2.0% 50.0%
1/16 6.8% 4.3% 3.9% 68.8%Tree
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1/4 2.0% 3.6% 3.0% 100.0%
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Table 4.4. Set-Sampling Error Prediction.

This tableshowsresultsfor a 4-megabytedirect-mappedsecondarycache.Theactualcoefficientof varia-
tion (takenfrom Table4.2) andtheaverageestimatefor individual andbatchedsetsareshown. Also, the
tableshowstheprobabilitythatthebatched90%confidenceintervalcontainedthefull traceMPI.

Themeancoefficientof variationestimatefrom all set-samplesis shown,calculatedasshownin Equation
2.4 in Section2.5. MPImean from Equation2.4 refersto theMPI estimatefrom a particularset-sample(it is
calledMPIi in this section). MPI j from Equation2.4 is theMPI estimatefrom a particularset(or batch) j
within that set-sample.N is the numberof sets(batches)in the entirecache,andn is the numberof sets
(batches)in thatset-sample.
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Using the batchedcoefficient of variation estimate,confidenceintervals can be calculatedas

shownin Section2.5. The 90% confidenceinterval for set samplei containsall valuesin the range
MPIi(1 ± 1.895×CVi), whereCVi is thecoefficientof variationestimate(for MPIi), andMPIi is theMPI
estimatefor i. Table4.4showsthefractionof timesthat this 90%confidenceintervalcontainedthefull
traceMPI. Theresultsshowthat,in general,this fractionis 90%or more. Thesuccessrateis lower for
Treebecauseconflictsdistortedtheset-sampleMPI estimates.Thoughtheintervalswereinaccuratefor
Tree, thesesimple batchedconfidenceintervals are generallyexcellent for establishingthe level of
confidencein results. Sincethe averageof 1.895×CVi is alwayslessthan10% for 1/16, theseresults
alsoconfirmthatsetsamplingmeetsthe10%samplinggoal.
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4.2.3. Advantages and Disadvantages of Set Sampling

The most importantadvantageof set samplingis that it meetsthe 10% samplinggoal for our
simulations:lessthan10% errorswith lessthan10% of the full traces. The accuracyof setsampling
may improveas the cachesize increases.This makesit appropriatefor multi-megabytecaches.The
constant-bitstechniqueprovidesa simpleway to build flexible set-samples.Referencesareeithersaved
or discardeddependingon the valuesof certain bits in the addressof the reference.A set sample
automaticallyincludesreferencesfrom manyexecutionphases,soan individual 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
phases,in a smalleramountof time. Besidesthedatareduction,setsamplingalsoreducesthememory
requiredto simulatea given cacheconfiguration. A setsamplecontaining1/16 of the full traceneeds
to simulate only 1/16 of the sets. For example,the performanceof a 4-megabytecachecan be
estimatedwith a 1/16 set-sampleusingthe sameamountof memoryneededfor a full tracesimulation
of a256kilobyte cache.

Setsamplingdoeshaveits limitations. A major disadvantageis that a setsamplefor onecache
may not be a setsamplefor anothercache. Thus,oncea studychoosesthe constant-bits,a sampleis
only useful for a portion of the overall cache design space. There are even multi-level cache
configurationssuchthat no setsamplesexist, aswhenthe block sizeof the secondarycacheis larger
thanaprimarycache.To avoidresampling,takecareto ensurethata sampleof a full traceis a setsam-
ple for the rangeof cacheconfigurationsbeingstudied. This canbe a difficult task,particularlywhen
therangeis large.

Another problem is that set sampling limits the performancemetrics that can be gathered.
Although theattentionin this chapterfocuseson estimatingmeanMPI, thereareotherimportantcache
performancemetricsthataredifficult to gatherwhensetsampling. The timing of interactionsbetween
accessescontainedin differentsetsamplesis lost. For example,this might be importantwhenestimat-
ing the performanceof a write-buffer sharedby all sets. Sincethe write-bufferhandleswrite-back(or
write-through)requestsfrom all sets,it will bedifficult to estimateits performanceaccuratelyknowing
only the referencesto a portion of the sets. Thus,setsamplingmay not beappropriatefor this type of
analysis. Nevertheless,for thosecaseswheresetsamplingis sufficiently flexible, it canbe extremely
useful.

4.3. Time Sampling

Thealternativeto setsamplingis to characterizea tracewith time samples.This sectiondiscusses
key questionsin producingandusingtime samples:(1) how to getunbiasedMPI estimatesfrom a sin-
gle time-sample;and(2) whatfractionof thetracedatais (or equivalently,how manytime samplesare)
neededfor adesiredaccuracy,andhowcanthesamplingaccuracybeestimated?

4.3.1. Obtaining Unbiased Estimators from Time Samples

Obtainingaccurate,unbiasedestimatorsof meanMPI from individual time samplesis difficult.
The problem lies in eliminating the cold-start,or initialization, bias. By default, cachesare often
assumedto begina time-samplesimulationin theemptystate. This implies that thefirst referencesof a
time sampleinitialize the cacheby loadingnew datain the cache. Theseinitialization (or unknown)
references areoften assumedto bemisses,sinceit is unknownwhetherthey would havemissedif the
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cachewere fully initialized. This approximationgives pessimistic(biased)MPI estimatesbecause
somereferencesthat initialize cachewould havehit in a fully initialized cache.While it is a reasonable
approximationfor a long tracewith a small cache,it is inaccuratefor all but the biggesttime-samples
with themulti-megabytecachesconsideredin this dissertation.To find theexactnumberof missesin a
time sample,it is necessaryto know the stateof the cacheat the beginningof the sample. Unfor-
tunately,this stateis typically not known16. Furthermore,Chapter3 showsthata time sampleof many
millions of instructionsmayberequiredto initialize a multi-megabyteset-associativecachefully, so it
is prohibitively expensiveto generatethecachestate. Therefore,aneffectivetime-samplingtechnique
mustnot dependonknowledgeof theinitial cachestate.

Severalcold-startreductiontechniqueshavebeenproposed;this chaptercomparesfive different
ones. Thefirst, calledCOLD, is thedefaultcasethatsimply ignoresthecold-startproblemandassumes
thatall initialization (or cold start)referencesaremisses.Thesecond,calledHALF, attemptsto warm
thecacheto removethecold-startbias.Thefirst half of a time samplepartially initializesthecache,and
therestestimatestheMPI.

Thesetwo simple techniquesare includedwith threemore sophisticatedones. PRIME warms
individual cachesetsratherthan the entirecache. It countssecondarycachereferencesonly after the
correspondingsethasbeenprimed, that is, after initialization of all block framesin theset. For direct-
mappedcaches,thefirst referenceto eachset(theonethatprimestheset)is usedonly for priming, and
the cachesimulatorcountsthe restof the referencesto estimatethe steadystatemiss ratio [STON90].
For higher associativities,the simulatorcountsreferencesonly when it touchesa non-most-recently-
usedblock frameaftersetpriming [LAPI88]. PRIME directly estimatesthesecondarycachelocal miss
ratio, not MPI, so all PRIME accuracymeasurementscomparethe miss ratio17. Thesecomparesare
nearlyequivalentto MPI comparesbecauseMPI equalsthe local missratio timesthe secondarycache
referencesper instruction. They arenot exactlyequivalentbecauseprimary cacheinitialization alters
thesecondarycachereferencesperinstruction.

STITCH approximatesthestateof thecacheat thebeginningof a sampleby thestateof thecache
after the simulationof the previoussample. That is, the cachesimulatorstitches the samplestogether
and simulatesthem as a single trace[AGHH88]. The simulatorusesthe first 1/4 of the instructions
from thestitchedtraceto warmthecache.

The final cold-startreductiontechniqueis INITMR. INITMR estimatesµ, the fraction of cache
initialization referencesthat would havemissedhad the cachebeenwarm. The actualmisses,A, are
thosethatwould occurwhensimulatinga given time-samplestartingwith a warmcache. A = M + µU,
whereM is the known missesand U is the initialization (unknown)referencesduring the cold-start
simulationof this time-sample(note that the simulationdoesnot assumethat initialization references
aremisses).INITMR estimatesµ by µ̂split for eachtime-sample[WOHK91]. µ̂split dependson (1) the
-�-�-�-�-�-�-�-�-�-�-�-�-�-�-�-

16. Przybylskiestimatedthe cachestateby prefixing previously-referencedblocksonto the beginningof
time samples[PRZY88]. With many trace-gatheringtechniques,it is impossible(or extremelydifficult) to
determinethis prefix. Furthermore,with multi-megabytecachesthestoragespacerequiredfor theprefix can
beaslargeasthetime-sampleitself.

17. This secondarycachelocal miss ratio is the secondarycachemissesper secondarycachereference
(aggregatedover all sets)[PRHH89]. The simulatorusesPrimarycachemissesandwrite-backs(from both
primedandunprimedprimarycachesets)to primesecondarycachesets. PRIME doesnot directly estimate
thesecondarycacheMPI becauseprimarycachemisses,not instructions, primethesecondarycachesets.
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fraction of time that cacheblock frameshold blocksthat will not be referencedbeforebeingreplaced,
and(2) the fraction of block framesthat the simulatorinitializes during the cold-startsimulationof a
sample.Whenthesamplescouldnot estimate(1), it wasassumedto be0.7.

To give astatisticallysignificantcomparisonof thealternativecold-starteliminationtechniques,it
is necessaryto extractmanysamplesfrom eachtraceandaveragetheresults. This focusestheattention
on reducingthecold-startbiasof a setof time-samplesfrom a givenworkload,ratherthananindividual
sample. The rest of Section4.3 comparesaverages,rather than comparingeachindividual sample
value. Thirty samplesof length100 thousand,1 million, 10 million, and100million instructionswere
takenat equalintervalsfrom eachfull traceusedin this dissertation.Theavailability of the full traces
allows the stateof the cacheat the beginningof eachtime-sampleto be determined,and thus the
unbiased (or true) missesof the thirty samplescould bepreciselycalculated.Unbiasedmeansthereis
no cold-startproblembecausethecachesareproperlyinitialized at thestartof thesample.This section
evaluatesthe cold-start elimination techniquesby comparingtheir estimatesto the averageof the
unbiasedsamples.In otherwords,this sectionfinds how well the techniqueseliminatethe cold-start
bias. Notethattheunbiasedaverageof thethirty samplesis not thetruevaluefor thefull trace. Section
4.3.2variesthenumberof samplesandcomparesMPI estimatesto the full traceMPI to learnthesam-
pling error. This sectionconcentratesonly on thebias,not thesamplingerror.

The comparisonbetweenthe techniquesis not simple. Simulationswererun for the thirty sam-
ples of eachtrace. The simulatedsecondarycachesare 1-megabyte,4-megabyte,and 16-megabyte
direct-mappedand4-way set-associativewith block sizesof 128 bytes. For different samplelengths,
Table 4.5 showsthe cold-startbias of the different cold-start reductiontechniquesusing the thirty
Mult1.2 samples.Thedatain Table4.5 is for direct-mappedcaches.Themoststriking characteristicis
the largebiaswith the shortestsamplesandthe biggestcaches.The initialization referencesdominate
the COLD estimates,for example. Noneof the techniquescaneliminatethe cold-startbiaswhenthe
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
mostaccurateestimatesfor thethirty time samplesfrom Mult1.2.

The resultsfor the Mult1.2 tracein Table4.5 aretypical, thoughthey changefor different work-
loads. Table4.6 showserrorsfor all tracesusedin this dissertation.Thedatain the tableis for direct-
mappedcachesandsamplesof 10 million instructions. It showsthat the accuracytrendsarethe same
acrossthe different traces. The Lin trace is an exceptionalcasewhereconsiderablylower unbiased
MPI’s causedmuch larger errors. Similarly to Table 4.5, the resultsin Table 4.6 show that PRIME
underestimatesthe unbiasedMPI of direct-mappedcaches.This is consistentwith the observationsof
Laha,et al., [LAPI88]. STITCH producessubstantialoverestimatesfor all the tracesexceptSor. The
overestimationof STITCH agreeswith the resultsin Wood’s appendixon stitching [WOOD90]. With
the hugematrix traversalsof the Sor workload,however,stitchinggavean optimistic cachestateesti-
mateat the beginningof eachsample. Normally, previousaccesseshaveclearedout the cachewhile
thedatais beingaccessed.With stitching,thereis a chancethatusefuldatamayhavebeenavailableat
theendof theprevioussampleof Sor. HALF tendsto overestimate,particularlywith thelargercaches,
but it is more accuratewith longer samples.For the 16-megabytecachewith Mult1.2, HALF hasa
100%biaswith the10million instructionsamples.
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/ /�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/�/

Cache Sample TrueSample
Size Length MPI×1000 COLD HALF PRIME STITCH INITMR0 0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0�0

0.1 1.73 +254% +150% -73% +198% +103%
1 1.45 +88% +74% -50% +57% +21%

10 1.57 +16% +2% -18% +2% +2%1M

100 1.48 +2% -3% -3% +0% +0%1 1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1�1
0.1 0.87 +594% +387% -80% +439% +123%
1 0.70 +262% +234% -73% +164% +63%

10 0.77 +66% +25% -51% +27% -5%4M

100 0.72 +12% -3% -23% +6% -2%2 2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2�2
0.1 0.35 +1629% +1093% -97% +1201% +400%
1 0.31 +699% +625% -91% +448% +100%

10 0.37 +200% +103% -80% +90% -3%16M

100 0.33 +67% +32% -61% +5% -17%3 3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�3�344
44
44
44
44
44
44
44

44
44
44
44
44
44
44
44
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44
44
44
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44
44
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Table 4.5. Accuracy of Cold-Start Techniques for Mult1.2.

This tableshowsthe accuracyof the cold-starttechniquesfor severalsamplelengthsand direct-mapped
cacheswith theMult1.2 trace. For eachcold-startbiasreductiontechnique,thetableshowstherelativeer-
ror of theestimatedaverageMPI of thethirty time samplesfrom theunbiasedaverageMPI of thesamples.
(The secondarycachelocal missratio relativeerror,not therelativeMPI error, is shownfor PRIME.) An
errorof 100%meanstheestimateis doubletheunbiasedvaluewhile anerror of -50% meanstheestimate
is half theunbiasedvalue.5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5�5

To find the effect of associativityon the alternativecold-startelimination techniques,Table 4.7
showsthe sameresultsasTable4.6 for 4-way set-associativecaches,ratherthandirect-mapped.The
changein the errorsof PRIME may be the largestbetweenthe tables. With higher associativity,the
heuristiccompensationof Laha,et al., reducesthePRIME underestimationbias. Thesimulatorcounts
referencesto a primed 4-way associativeset only when it touchesa non-most-recently-usedblock,
rather than counting immediately after set-priming as in the direct-mappedcase. This heuristic
removedthebiasof PRIME with somesuccess,but oftenits MPI estimateis still substantiallyin error.

Table4.8 scoresthe different cold-starttechniquesbasedon the accuracyof their estimatesand
the comparisonwith the otherestimationtechniques.The tableshowsthe timesthe estimateis within
10%of the unbiasedvalue(10%) andthe timesthe estimateis the closest(in percent)to the unbiased
value(Win). Overall the cacheconfigurations,traces,andsamplelengths,INITMR producesthebest
estimates.INITMR hadthemostestimateswithin 10%of the unbiasedvalue:69 of 192. This is over
twice asmanyasCOLD, PRIME, or STITCH, andis 15% morethanHALF. INITMR alsoproduces
themostaccurateresultaboutthreetimesmoreoftenthananyof theothertechniques:63%of the time
INITMR wasasgoodasor betterthan the others. Whenthe time-samplelengthsareshort,or barely
long enough,INITMR is superiorto anyof theothertechniquesexaminedin this study. As thesample
lengthsincreaseto wherecold start is a smallerfactor, HALF is alsogood. INITMR is generallythe
bestcold-startreductiontechniqueof thoseexaminedin this study.

Thereareseveralimportantproblemswith PRIME that makeit lessaccuratethanINITMR. The
first is that PRIME is unsuccessfulat removingall biases.Sincethesimulatorcountsthehits immedi-
ately following thepriming of thesetbeforeanylatermisses,countingreferencesimmediatelyafterset
priming underestimates.This is particularlytroublesomefor direct-mappedcaches.Theheuristiccom-
pensationof Laha,et al., improvesits estimatesfor cachesof higherassociativity[LAPI88],but it is still
often inaccurate.Thesecondimportantproblemis thatPRIME wastesthereferencesusedto primethe
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6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6�6
787�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7�7

Cache TrueSampleTrace Size MPI×1000 COLD HALF PRIME STITCH INITMR989�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9�9
1M 1.45 +18% +5% -18% +23% +0%
4M 0.62 +77% +27% -50% +52% -11%Mult1

16M 0.28 +233% +114% -80% +131% -12%:8:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:�:
1M 1.57 +16% +2% -18% +2% +2%
4M 0.77 +66% +25% -51% +27% -5%Mult1.2

16M 0.37 +200% +103% -80% +90% -3%;8;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;�;
1M 1.21 +18% +2% -26% +23% -3%
4M 0.60 +70% +31% -62% +53% -24%Mult2

16M 0.25 +264% +168% -85% +147% -9%<8<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<�<
1M 1.18 +19% +15% -27% +29% -1%
4M 0.62 +71% +50% -61% +56% -13%Mult2.2

16M 0.29 +233% +180% -84% +141% -3%=8=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=�=
1M 2.55 +4% -0% -33% +32% -2%
4M 1.76 +15% +9% -56% +37% -4%Tv

16M 0.95 +79% +61% -76% +71% +37%>8>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>�>
1M 15.68 +0% -0% -5% -11% -0%
4M 8.08 +18% +2% -18% -8% +6%Sor

16M 2.00 +190% +60% -76% -8% +114%?8?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?�?
1M 2.00 +13% -0% -10% +29% -1%
4M 0.51 +107% +8% -50% +43% +24%Tree

16M 0.30 +217% +35% -77% +69% +18%@8@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@�@
1M 0.75 +20% +7% -29% -0% +16%
4M 0.06 +1113% +535% -62% +217% +903%Lin

16M 0.01 +4648% +2248% ---% +873% +1037%A8A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�A�ABB
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Table 4.6. Accuracy of Cold-Start Techniques With Direct-Mapped Caches.

Forsamplesof 10million instructions,this tableshowstheaccuracyof thecold-starttechniquesfor several
direct-mappedcacheswith all thetraces.Theerrorsarecalculatedasin Table4.5.C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C�C

cache sets. Many referencescan be consumedinitializing a set, particularly with larger set-
associativities.For severalsamplelengthsandsecondarycaches,PRIME lost somuchinformationthat
it couldnot produceastatisticallysignificantestimate.

Trace stitching also producesMPI estimatesthat are less accuratethan INITMR. Usually,
STITCH overestimatedtheunbiasedMPI. STITCH did betterwith thelongersamplesbecausethetime
betweenthesamplesis shorter. With samplesthatarecloselyspacedin time, thecachestateat theend
of a previoussamplemaycloselypredictthestateat thebeginningof thenextsample,but it doesn’tin
general.INITMR is superiorin this study.

The simple HALF schemeproducesbetter estimatesthan either PRIME or STITCH. For the
longestsamples,asmanyestimatesarewithin 10%of theunbiasedmeanwith HALF aswith INITMR.
This suggeststhat HALF is a useful techniquefor long samples. Over the widest rangeof sample
lengths,however,INITMR is superiorto HALF.

An accurateestimateof the initialization referencemiss ratio, µ, is an importantcontributionof
INITMR. Table 4.9 showsµ valuesand the accuracyof the µ̂split estimatesof INITMR. Previous
researcherspostulatedthatµ valuesshouldbein a rangesimilar to themissratio of thecache[STON90].
Similar to Wood,et. al [WOHK91], theseresultsshowµ valuesmuchlargerthanthat,ashigh as92%.
µ dependson thefractionof time thata cacheblock frameis uselesslyretainedin thecache;it haslittle
relationshipto theoverallcachemissratio.
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D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D�D
E8E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E

Cache TrueSampleTrace Size MPI×1000 COLD HALF PRIME STITCH INITMRF8F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F�F
1M 0.94 +21% -5% -6% +36% -11%
4M 0.44 +106% +29% -51% +80% -4%Mult1

16M 0.22 +313% +157% -99% +167% -8%G8G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G
1M 1.20 +15% -5% -9% +6% -7%
4M 0.60 +81% +21% -40% +43% +1%Mult1.2

16M 0.32 +232% +118% -57% +104% -3%H8H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H�H
1M 0.92 +14% -5% -18% +33% -16%
4M 0.49 +84% +34% -64% +68% +2%Mult2

16M 0.22 +316% +202% -78% +170% -9%I8I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I�I
1M 0.96 +16% +10% -14% +38% -10%
4M 0.52 +84% +54% -52% +73% -1%Mult2.2

16M 0.25 +285% +221% +15% -161% -14%J8J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J�J
1M 2.14 +4% -2% -22% +32% -2%
4M 1.53 +14% +6% +12% +39% -8%Tv

16M 0.82 +99% +75% +195% +87% +32%K8K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K�K
1M 15.46 +0% -0% +0% -11% -0%
4M 8.57 +9% -1% -12% -8% -2%Sor

16M 2.17 +158% +34% -81% -4% +60%L8L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L
1M 1.60 +11% -3% -9% +35% -6%
4M 0.41 +124% -5% -32% +70% +18%Tree

16M 0.25 +263% +38% +83% +77% -17%M8M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M�M
1M 0.69 +26% +6% +9% +6% +21%
4M 0.02 +2763% +1322% +81% +778% +1797%Lin

16M 0.01 +4648% +2248% ---% +873% +1037%N8N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�N�NOO
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Table 4.7. Accuracy of Cold-Start Techniques With 4-Way Set-Associativity.

Forsamplesof 10million instructions,this tableshowstheaccuracyof thecold-starttechniquesfor several
4-wayset-associativecacheswith all thetraces.Theerrorsarecalculatedasin Table4.5.P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P�P

A major contribution of Wood, et. al [WOHK91], was a renewal-theoreticmodel of block
residencesin thecacheasgenerations.Onegenerationof a cacheblock frameis thetime that it holdsa
givenblock. A cacheblock frameis dead whenthenext referenceto it causesa missthat loadsa new
block (andstartsa newgeneration).Whentheassumptionsof therenewal-theoreticmodelof Wood,et.

al, hold, µ =
G
DQ QRQ , whereD is the averagedead time, andG is the averagegenerationtime. In practice,

D/G is a goodestimateof the fully initialized µ althoughthe assumptionsof the modelareviolated.
Furthermore,the behaviorof µ canbe estimatedby µ̂split whenthe sampledoesnot entirely initialize
thecache. µ̂split is a functionof bothD/G andthefractionof thecachethat thesimulatorinitializesby
the endof the sample. Whenthe sampleentirely initializes the cache,µ̂split is the estimatedvaluefor
D/G. When the sampleinitializes only a small portion of the cache,µ̂split decreasesbecauseµ is
smaller;thefirst initialization referencesarelesslikely to bemissesthanthelaterones.

Table 4.9 shows decreasingvalues for µ as the cachesize increasesand the sample length
decreases.This is preciselywhenthe portion of the cachethat the sampleinitializes decreases,which
confirmsthat thefirst initialization referencesarelesslikely to bemissesandthatµ is smallerwhenthe
sampleinitializes less. Examinationof µ valuesfor set-associativecaches,beyondthe direct-mapped
cacheresultsshownin Table4.9,showssimilar µ behaviors,thoughtheabsolutevaluesof µ tendedto
increaseslightly with associativity.
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S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S�S
TUT�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T�T

Cache Sample COLD HALF PRIME STITCH INITMR

Length V V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�VSize (Mill) 10% Win 10% Win 10% Win 10% Win 10% WinWUW�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W
0.1 2 0 2 5 0 2 0 0 0 9
1 2 1 4 4 3 5 1 2 3 5

10 4 2 15 13 7 1 4 3 12 81M

100 16 5 16 7 16 6 6 2 16 12XUX�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X�X
0.1 0 0 0 0 0 1 1 2 1 13
1 0 0 0 1 1 2 2 1 4 13

10 1 0 6 6 0 1 2 1 10 84M

100 7 1 14 4 3 2 5 3 12 7YUY�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y
0.1 0 0 0 0 0 0 0 0 0 16
1 0 0 0 0 0 0 1 2 0 14

10 0 0 0 0 0 1 2 4 6 1116M

100 0 0 3 2 1 0 5 9 5 5ZUZ�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�ZZUZ�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z�Z
0.1 2 0 2 5 0 3 1 2 1 38
1 2 1 4 5 4 7 5 5 7 32

10 5 2 21 19 7 3 8 8 28 27All

100 23 6 33 13 20 8 16 14 33 24[U[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[[U[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[
All All 32 9 60 42 31 21 29 29 69 121\U\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\�\]]
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Table 4.8. Scoring of Different Cold-Start Techniques.

This tablescoresthe accuracyof the different cold-starttechniquesfor all the different traces. It givesa
‘‘10%’’ point eachtime the averageestimateof thirty time-samplesis within 10%of their unbiasedaver-

age. It givesa ‘‘Win’’ pointeachtime theestimateis closest(log(
unbiased
estimate^_^�^�^�^�^�^�^ ) closestto 0.0)of all schemes

to theunbiasedaverageof the thirty samples.Multiple pointsareawardedon ties,sothewinnersmaynot
beconstantfor eachrow. The maximumpointsis 192 in eachcategoryat the bottom. The scoresshown
arethesumfor direct-mappedand4-waycaches.`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`

µ̂split is moreaccuratewhenthecachesizeis smallerandthesampleis longer. Therearetwo rea-
sonsfor this: (1) µ canbe more tightly boundedas the cachebecomesmore fully initialized, and(2)
moremissesgive a moreaccurateestimateof D/G. Whena samplefully initializes a cacheduring a
cold-startsimulation,theµ valuefor thesampletendsto becloseto D/G, makingpredictionsimple. It
is moredifficult to predictµ whenthe sampledoesnot fully initialize the cache,however,becauseµ
thendependson the distributionsof the generationanddeadtimes. µ̂split doesnot useknowledgeof
thesedistributions. Instead,it is themiddlevaluebetweenupperandlower boundsgivenby Wood,et.
al [WOHK91]. Theseboundstighten as the fraction of the cacheinitialized by a sampleincreases.
Thus,theerrorof µ̂split decreaseswith the initialization fraction,providedD/G is known. D/G canbe
estimatedremarkablywell with few cacheblock framelifetimes,but morelifetimesgive a higheraccu-
racy. More lifetimescanbeprovidedby a longersample.

Thecombinationof amorefully initializedcacheandmanymissesleadsto themostaccurateesti-
matesof µ asthesamplelengthincreasesandthecachesizedecreases.Whenthesamplesaretoo short,
Table4.9 showsthat µ̂split canpoorly estimateµ. The Lin samplesarea particularexampleof this,
wheresamplesof 100,000instructionsinitialize about0.11%of the 16-megabytecache,an extremely
smallportion.This leadsto apoorestimateby µ̂split.

The ultimateusefulnessof INITMR is determinednot by the accuracyof the µ estimate,but by
the accuracy of its MPI estimates. Inaccuraciesin the µ estimatesdo not translate into MPI
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a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a�a
bcb�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b

µµ Values (and Error of µµ̂split)dcd�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�ddcd�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d
Cache SampleLength (Millions of Instructions)Trace Size 0.1 1 10 100ece�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e�e

1M 0.25(68%) 0.28(115%) 0.49(3%) 0.65(-4%)
4M 0.12(102%) 0.15(186%) 0.38(-25%) 0.66(-14%)Mult1

16M 0.05(258%) 0.09(380%) 0.26(-19%) 0.50(-35%)fcf�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f
1M 0.21(111%) 0.36(40%) 0.54(11%) 0.63(0%)
4M 0.13(96%) 0.21(98%) 0.41(-12%) 0.65(-11%)Mult1.2

16M 0.08(143%) 0.12(121%) 0.27(-11%) 0.49(-36%)gcg�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g�g
1M 0.19(67%) 0.35(27%) 0.59(-14%) 0.67(-2%)
4M 0.10(73%) 0.24(39%) 0.46(-39%) 0.63(0%)Mult2

16M 0.05(230%) 0.14(146%) 0.25(-15%) 0.42(-18%)hch�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h
1M 0.18(102%) 0.37(33%) 0.58(-6%) 0.68(-3%)
4M 0.13(83%) 0.25(41%) 0.44(-27%) 0.62(-2%)Mult2.2

16M 0.09(90%) 0.15(81%) 0.27(-11%) 0.42(-1%)ici�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i�i
1M 0.20(70%) 0.47(-21%) 0.74(-21%) 0.82(1%)
4M 0.15(40%) 0.39(25%) 0.62(-27%) 0.75(0%)Tv

16M 0.08(148%) 0.24(50%) 0.38(62%) 0.45(33%)jcj�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j�j
1M 0.92(-56%) 0.90(-17%) 0.91(-5%) 0.91(-5%)
4M 0.55(-47%) 0.54(15%) 0.55(15%) 0.55(7%)Sor

16M 0.17(17%) 0.18(200%) 0.30(122%) 0.58(-9%)kck�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k�k
1M 0.14(369%) 0.24(71%) 0.51(-32%) 0.65(-12%)
4M 0.04(1450%) 0.13(122%) 0.41(-22%) 0.76(-29%)Tree

16M 0.03(729%) 0.11(223%) 0.35(-28%) 0.71(-60%)lcl�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l
1M 0.25(5%) 0.36(43%) 0.40(115%) 0.66(32%)
4M 0.02(1178%) 0.05(418%) 0.08(758%) 0.17(312%)Lin

16M 0.01(1621%) 0.03(463%) 0.05(277%) 0.16(61%)mcm�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�mnn
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nn
nn
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Table 4.9. µµ and the Accuracy of its Estimator (µµ̂split).

This tableshowsaverageµ valuesfor the thirty samplesandthe error of the INITMR µ̂split averageesti-
mates(+100%meanstheestimateis doubleof the truevalueand-50%meanstheestimateis half the true
value). Theseresultsareshownfor direct-mappedsecondarycachesandseveralsamplelengths.o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o

inaccuraciesof thesamemagnitude.INITMR mitigatestheeffectof µ errorsbecauseit includesknown
misses,in addition to missesfrom initialization references,in the MPI estimate. Known missesare
thosethatarenot a resultof aninitialization reference.

For thethirty samplesof differentlengthstakenfrom eachtrace,Table4.10showstheerrorof the
INITMR MPI estimates.The resultsclearlyshowthat samplesof 100,000instructionsaretoo shortto
overcomethecold-startbiasof the largecachesconsideredin this dissertation.(This is not too surpris-
ing sincethelargestcachescontainover100,000cacheblock frames!) INITMR cannotaccuratelyesti-
mateMPI when the simulationspendsmost of the referencesinitializing the cache. This is why an
accurateestimateof theMPI of the largercachesis difficult with theshortersamples,andit is alsowhy
the Lin estimatesareinaccurate.INITMR requiresmanyknownmissesto obtainan accurateestimate
of the MPI. This is partially becauseµ cannotbe accuratelyestimatedwithout manyknown misses:
known missesare neededto estimatethe fraction of time that block frameshold blocks that are not
referencedbeforebeing replaced(D/G). Furthermore,with many known misses(M >> U), accurate
approximationof µ is lessessentialbecauseknown missesarea largerportion of the total misses. In
Table4.10thecaseswhereinitialization referencesfill at leasthalf thecacheandtherearemoreknown
missesthaninitialization referencesaremarkedwith a ’*’. Thesemarkingsoccurwith longersamples
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and smallercachesizessincea larger portion of all missesareknown missesin thesecases.Larger
cachesrequiremore instructionsto initialize, which implies a larger sampleis neededfor the same
accuracy.
p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p�p

q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q
Cache Full Trace SampleLength(Millions of Instructions)Trace Size MPI×1000 0.1 1 10 100r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r

Mult1 1M 1.55 86% 47% 0%* 0%*
4M 0.70 156% 120% -11% -3%*

16M 0.33 281% 335% -12% -17%s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s
Mult1.2 1M 1.45 103% 21% 2%* 0%*

4M 0.69 123% 63% -5% -2%*
16M 0.32 400% 100% -3% -17%t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t�t

Mult2 1M 1.24 49% 20% -3%* 0%*
4M 0.61 48% 39% -24% 0%*

16M 0.26 212% 146% -9% -3%u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u�u
Mult2.2 1M 1.18 127% 24% -1%* 0%*

4M 0.59 127% 60% -13% 0%*
16M 0.27 170% 106% -3% 8%v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v

Tv 1M 2.63 36% -10% -2%* 0%*
4M 1.88 34% -9% -4% 0%*

16M 1.03 145% 39% 37% 12%w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w
Sor 1M 14.77 -41% -3%* 0%* 0%*

4M 7.54 -27% 44% 6%* 0%*
16M 1.97 83% 386% 114% -2%*x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x

Tree 1M 2.16 249% 36% -1%* 0%*
4M 0.59 1407% 121% 24% -7%*

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

4M 0.09 1437% 946% 903% 113%
16M 0.02 2567% 1318% 1037% 176%z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z{{
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Table 4.10. Accuracy of INITMR Time-Sample MPI Estimates.

This table showsthe relative error of the time-sampleINITMR MPI estimatesover a rangeof direct-
mappedsecondarycachesizesandsamplelengths. The error is the differencebetweenthe averageMPI
estimateof the thirty samplesandtheunbiasedaverageMPI of the thirty samples(asa percentof the un-
biasedaverage).A ‘*’ denotestheconstraintsthat: (1) thecacheswereat leasthalf initialized by thesam-
ples(on average,U ≥ 0.5×CacheSize), and(2) thereweremoreknown(non-initialization)missesthanini-
tializationreferences(on average,M ≥ U).|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|

When the ratio of known missesto unknownmissesincreases,the maximumerror of INITMR
shrinks. Theassumptionthatnoneof the initialization referencesmiss(µ̂ = 0.0)givesa lower boundon
the unbiasedMPI. Similarly, the assumptionthat all initialization referenceshit (µ̂ = 1.0) gives an
upperbound. Sinceµ̂split givesa moreaccurateestimateof µ thaneitherthe lower boundor theupper
bound,theerrorof theMPI estimatefrom INITMR is usuallymuchsmallerthanthesebounds,particu-
larly with moreknownmisses.

Whenthereis a ‘*’ in theentry in Table4.10,INITMR alwaysproducesestimateswithin 10%of
theunbiasedvalues. This is a usefulpropertyof INITMR: whentheconstraintslisted in Table4.10are
satisfied,the resultingMPI estimatesareunbiased.Unfortunately,simulationsrequiresamplelengths
of millions of instructionsto meettheserestrictionswith multi-megabytecaches.For the tracesin this
study,samplesof 1-10million instructionswereusuallyenoughfor 1-megabytecaches,10-100million
instructionsfor 4-megabytecaches,and100 million instructionsor moreareneededfor 16-megabyte
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caches.Theseresultsagreewith the rule-of-thumbthat tracelengthshouldbe increasedby a factor of
eighteachtime thecachesizeis quadrupled[STON90]. Accurateresultscouldbeobtainedwith shorter
samplesif theMPI’s of thetraceswerehigher. With the largercaches,theLin tracehasMPI’s thatare
too low to getenoughmisses,evenwith samplesof 100million instructions,but theSortracehadhigh
enoughMPI’s to producegoodestimateswith muchshortersamples.

Table 4.10 shows INITMR results for direct-mappedcaches,but similar results have been
observedfor cachesof higherassociativity. Sincethesecacheshavea lower MPI andmoreinitializa-
tion references,simulationsrequirelongersamplesto producethesameratio of knownmissesto initial-
ization references.This makesit more difficult to obtain accurateMPI estimates.However,with a
sufficiently high ratio of known to initialization references,accuracyis assuredwith set-associative
cachesjust aswith direct-mappedcaches.

Resultsfrom multiple samplescan be unified in severalways with INITMR. An alternativeto
calculatingan individual µ̂split for eachsample,asdonein all otherresultsin this section,is to merge
the statisticsof the samplesandproducea single µ̂split that is usedfor all. The potentialadvantageof
mergingis a moreaccurateD/G estimate.Thedisadvantageis thatdifferentphasesof executioncould
causelarge differencesin the actualµ acrosssamples,evenif the samplescomefrom the samefull
trace;treatingthemthesamecouldleadto inaccuracies.Furthermore,somesamplescouldinordinately
biasµ̂split andconsequentlydistort theMPI estimate.

For the thirty samplesof 10 million instructionstakenfrom eachfull trace,Table4.11showsthe
accuracyof individual andmergedµ̂split calculations. For the mergedµ̂split, D and G arecalculated
with the statisticsof the generationsfrom all samples,disregardingthe differencesin the generations
acrosssamples.Thefractionof thecachethat is initialized is theaverageoverall thecold-startsimula-
tions.

Table4.11showsthat thereis a slight advantageto the individual µ̂split 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 estimatewhen the samplesare
merged. While merging may be a good idea for samplesthat are similar, these sampleswere
sufficientlydifferentto producepoorresults. This chapterusestheindividual calculationof µ̂split.

4.3.2. What Fraction of the Full Trace is Needed?

This sectionfinds the time-samplingerrorby comparingtime-samplemeanMPI estimatesto full
traceresults. It showsthe errorsfor varying portionsof the full tracedata,or equivalentlywhenthe
samplesizeis constant,varyingnumbersof time-samples.TheMPI estimatefrom a singletime-sample
hasa much larger variancethan the MPI estimatefrom a set-sampleof the samesize becauseeach
time-samplecapturesonly one(or perhapsa few) phasesof workloadexecution.Evenover long inter-
vals of execution,the MPI of different time samplesfluctuateswidely becausecacheperformance
changeswith the different executionphases.This makesit necessaryto havemany time samplesto
predict the meanMPI of a full traceaccurately.More samplesscatteredacrossthe entireexecutionof
anapplicationwill improveestimationaccuracy,but theyalsomay increaserequiredstoragespaceand
simulationtimes;thesamplesizeandthenumberof samplesgivesthe tracedatarequirementsfor time
sampling.
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Full Trace µ̂split CalculationTrace Size MPI×1000 Individual Merge� �������������������������������������������������������������������������������������������������
1M 1.55 0% 1%
4M 0.70 -11% -10%Mult1

16M 0.33 -12% 21%� �������������������������������������������������������������������������������������������������
1M 1.45 2% 3%
4M 0.69 -5% -11%Mult1.2

16M 0.32 -3% 17%� �������������������������������������������������������������������������������������������������
1M 1.24 -3% -3%
4M 0.61 -24% -20%Mult2

16M 0.26 -9% 35%� �������������������������������������������������������������������������������������������������
1M 1.18 -1% 0%
4M 0.59 -13% -16%Mult2.2

16M 0.27 -3% 24%� �������������������������������������������������������������������������������������������������
1M 2.63 -2% 0%
4M 1.88 -4% 2%Tv

16M 1.03 37% -3%� �������������������������������������������������������������������������������������������������
1M 14.77 0% 0%
4M 7.54 6% 5%Sor

16M 1.97 114% 190%� �������������������������������������������������������������������������������������������������
1M 2.16 -1% 0%
4M 0.59 24% 34%Tree

16M 0.30 18% 39%� �������������������������������������������������������������������������������������������������
1M 1.16 16% 19%
4M 0.09 903% 1014%Lin

16M 0.02 1037% 1562%� ���������������������������������������������������������������������������������������������������
��
��
��
��
��
��
��
��
��
��
��
��
��
��

��
��
��
��
��
��
��
��
��
��
��
��
��
��
��

��
��
��
��
��
��
��
��
��
��
��
��
��
��
��

��
��
��
��
��
��
��
��
��
��
��
��
��
��
��

Table 4.11. Individual Versus Merged µµ̂split Estimation.

This tableshowsthe errorsof different ways to calculateµ̂split (for the thirty samples).The alternatives
are to calculateµ̂split for eachindividual traceor to calculatea singlemergedµ̂split for all the samples.
The tableshowserrorsof the MPI estimatesfrom the unbiasedMPI of the samples.The resultsare for
direct-mappedcachesandsamplesof 10million instructions.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Figure4.5 illustratesthis samplingeffect for the Mult1.2 trace;the left graphillustratesthe case
wherethereis no cold-startbias(unbiased).Eachshadedareacorrespondsto time samplingwith a dif-
ferentsamplelength. The areadisplays,for varying portionsof the tracedata,the interval where90%
of theMPI estimatesfall (5% of theestimatesareaboveand5% arebelow). Eachindividual MPI esti-
mateconsistsof samplesspacedperiodicallyacrossthe full traceto capturepiecesof asmanydifferent
executionphasesaspossible.Sincea uniqueportionof the tracedataproduceseachMPI estimate,the
numberof MPI estimatesis inverselyproportionalto the tracedatafraction. Theareasarein theshape
of a conewith a certainthicknessalongthey-axisandlengthalongthex-axis. With no cold-startbias,
all the conesare almostcenteredon the ratio of 1.0, which saysthat the sampleestimatescorrectly
predictthefull traceMPI (on average).Theleft-mostedgeof eachconerepresentsa singlesample;the
thicknessof the edgeis the interval where90% of the single-time-sampleMPI estimatesfall. Shorter
samplelengthsproducelongerconesbecausea singlesampleis a smallerportionof the full tracedata.
Thedistinctiveconeshapeis producedbecauseaddingmoresamples(i.e. usinga largerportion of the
full tracedata)reducesthevarianceof theaggregatedMPI estimate.Note that theconethicknessmay
not strictly decreasewith increasingfractionsof the tracedatabecauseeachestimatecapturesdifferent

executionphasesfor eachfraction. Theconethicknessdecreasesby approximatelya
√� �n
1� �R�R� factorasthe

numberof samples19 (n) increasesbecausethe standarddeviation of the samplemeandecreasesat
�������������������������������

19. The numberof samplesat a given fraction of the tracedatais the distancefrom the left endof the
cone. Thenumberof samplesat theright endof eachconeis 30onehundredmillion instructionsamplesand
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approximatelythatrate.
���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

10.001 0.01 0.1 1
Fraction of Full Trace Data

0.
1

10
1

R
at

io
 o

f S
am

pl
e 

E
st

im
at

e 
to

 F
ul

l T
ra

ce
 M

P
I Unbiased

1 Million Instructions

10 Million Instructions

100 Million Instructions

10.001 0.01 0.1 1
Fraction of Full Trace Data

INITMR Estimates

10010

1

Figure 4.5. Accuracy of Time Sampling with Mult1.2.

This figurehasareas(cones)for different samplelengthsfrom the Mult1.2 traceshowingthe accuracyof
time samplingfor a 4-megabytedirect-mappedsecondarycache. The left graphshowstheunbiasedaccu-
racy resultswhile theright graphis for the INITMR Estimates.For a given fraction of the full tracedata,
theenclosedintervalshowswhere90%of theMPI estimatesfall. Theleft endof eachareacorrespondsto
a singlesample. The dottedlines showthe mean90% confidenceintervals(upperand lower bound)for
eachsamplesize.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Figure4.5alsoshowstheaverage90%upperandlower confidencebounds(dashedlines)for each
cone. Section2.5 showshow to calculatethe confidenceintervals. Note that the log scaledistortsthe
lower bound;the averageupperand lower boundsare (linearly) equi-distantfrom the centerof their
correspondingcone. With only a few samples,the90%confidenceintervalsmaynot successfullycon-
tain thetruemean90%of thetime becausetheMPI of the individual time samplesis not normallydis-
tributed. With 30or moresamples,however,the90%confidenceintervalstypically did containthetrue
mean90%or moreof thetime. This showsthat theconfidenceinterval techniquesfrom Section2.5 are
appropriatewith 30or moresamples.

Theshapeof thecones(andtheir correspondingaverageconfidencebounds)suggeststheneedfor
manysamples.At a given fractionof the full tracedata,theaccuracyof time samplingis thethickness
of the cone. The conemay be narrowenough(or equivalently,the varianceof the samplingestimates
maybesmall enough)only afterhundredsof samplesfrom theMult1.2 trace. Laha,et al., suggestthat
35 sampleswereenoughto characterizetheir traces[LAPI88]. Theconesin Figure4.5 suggestthat, in
general,moresamplesmay be needed,particularly for high accuracywith the shortersamplelengths.
Insteadof strictly using35 samples,it is betterto havemoresamplesasthesamplelengthdecreasesto
keepaccuracy(conethickness)constant. It is intuitive that moresamplesshouldbe usedsince,in the
�������������������������������
3000onemillion instructionsamples.
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extremecase,35 samplesof a singleinstructioncould hardly beexpectedto estimatean MPI of about
oneper thousandinstructions.Thevarianceof thesampleMPI estimatesis slightly largerwith smaller
samplesbecauseeachsampleincludeslesstracedata,so moresamplesareneededfor a desiredaccu-
racy. For example,with no cold-startbias, to ensurewith 90% probability that the MPI error is less
than10%,200samplesof 1 million instructions,65 samplesof 10 million instructions,and20 samples
of 100 million instructionsmay be required. This is roughly a factor of threeincreaseas the sample
sizedecreasesby a factorof ten.

Placingtheconesfor differentsamplelengthson thesamegraphin Figure4.5 allowsandexami-
nation of the tradeoffsamongdifferent samplelengths. For large fractionsof the tracedatawith no
cold-startbias,all samplelengthsgive estimatesnearthetruemeanMPI of thefull trace. Theconesfor
the shortersamplelengthsaremorenarrowat a given fraction of the full tracedatabecausethereare
manymoresamplesto 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 samplesthana few largeonesbecausemoresmallersamplescap-
ture moreexecutionphases;samplesof a single instructionwould give the most accurateresultsat a
fixedportionof thetracedata.

But the cold-startbiasplaysan importantrole in time-samplingaccuracy.The previoussection
showsthat the bias is largerfor shortersamplesthanfor long samples.Although INITMR minimizes
the bias, it doesnot eliminate it entirely. The graphon the right side of Figure 4.5 showsthe time-
samplingresultsusingINITMR to compensatefor cold start. This graphis similar to the onewith no
cold-startbias(on the left) exceptthat the 1-million instructionconeshifts awayfrom the valueof 1.0
whereit correctly predictsthe full tracemeanMPI (on average).This shift occursbecausethe cold-
startbiascould not be eliminatedby INITMR. INITMR may eitheroverestimateor underestimateµ,
and consequentlythe conesare either shifted up or down. The overall shapeof the conesremains
largelyunchanged,whichsuggeststhatINITMR preservesthedistributionof thesampleMPI estimates,
exceptfor thebias.

Figures4.6aand4.6bshowthe INITMR conesfor the restof the traces. In Figure4.6a,themul-
tiprogrammedtraceshavesimilar conesto Mult1.2. Thecold-startbiasis largerfor Mult2 andMult2.2,
however;samplesof 10million instructionsareinsufficientto removethebiasin the4-megabytecache.
Tree gives wide coneswith few samplesbecausethe samplevarianceis high, but the conethins out
well becauselargerportionsof the full tracedatareducethe varianceof the MPI estimate.For single
samples(the left edgeof the cones),Treehaswider intervalswith 10 million instructionsamplesthan
with the 1 million instructionsamples.While the rangeof the Tree 1 million instructionsamplesis
much larger than the rangeof the 10 million instructionsamples,90% of the 1 million samplesfall
within tighter boundsbecausethere are many more samplesand more cushionfor extremesample
values.

Figure4.6bshowsthat theTv MPI estimatesalsohavea high variancewith few samples,andthe
conethicknessdoesnot decreaseas quickly as the other traceswith larger tracedatafractions. The
phasebehaviorof Tv causesthis. For muchof thetrace,it is building its largedatastructure.WhenTv
traversesthe structurefor a short time at the endof the traceit givesmuchworsecacheperformance
andtherearemanyphasechanges.It is difficult to capturethe true meanperformanceof this final Tv
stagewith only a few time samples.TheSortraceconesareabnormalbecausetheyappearasymmetric
abouttheir center,with lower valuescapturedin thecone. This occursbecausethetime samplesof Sor
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Figure 4.6a. Accuracy of Time Sampling with Mult1, Mult2, Mult2.2, and Tree.

This figureshowsaccuracyconeslike thosein Figure4.5 for the Mult1, Mult2, Mult2.2, andTreetraces.
The areascorrespondto time-samplelengthsof 1, 10, and 100 million instructions. The enclosedarea
showswheretheMPI estimatesfor 4-megabytedirect-mappedsecondarycachesfall with 90%probability.
Thedashedlinesshowtheaverageestimated90%confidenceinterval(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
correspondto time-samplelengthsof 1, 10, and100million instructions.The enclosedareashowswhere
theMPI estimatesfor 4-megabytedirect-mappedsecondarycachesfall with 90%probability. Thedashed
linesshowtheaverageestimated90%confidenceinterval(upperandlower bound). Notethatthesegraphs
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tendto havea bi-modaldistribution,with eitherhigh or low MPI’s. The low portion of the Sor curve
showsthat the low valuesoccurredmorethan5% of the time. ThepoorMPI estimatesof INITMR for
the Lin traceareevident. The cold-startbiasdominatesthe Lin results,particularlyfor shortersample
lengths,sincetheMPI is solow.

Cachesizehasa largeeffecton INITMR time-samplingaccuracy.Figure4.7 showsthe Mult1.2
conesfor 1-megabyteand16-megabytecaches.The conesaresimilar to the4-megabyteconesin Fig-
ure 4.5, but their shapechanges,showingthe different distribution of MPI estimatesfor the different
cachesizes. By comparingwith the INITMR resultsin Figure 4.5, the larger cold-starteffect with
bigger cachesis evident. While samplesof 1 million instructionswereclearly insufficient for the 4-
megabytecache,theyhavea smallerbiasfor the1-megabytecache.This implies thataccuracycanbe
achievedwith a smallerportionof thefull tracedata,lessthanthatneededwith the4-megabytecaches.
The conesfor the 16-megabytecacheall showa cold-startbiasin Figure4.7. This illustratestheneed
for long samplesto analyzetheselargecaches,morethanonehundredmillion instructionsof thetraces
consideredin this dissertation.
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Figure 4.7. Accuracy of Time Sampling for Different Cache Sizes.

This figureshowsMult1.2 accuracyconeslike thosein Figure4.5 for direct-mappedsecondarycachesof
1-megabyteand16-megabytes.Theareascorrespondto time-samplelengthsof 1, 10, and100million in-
structions.TheenclosedareashowswheretheMPI estimatesfor thesecondarycachesfall with 90%pro-
bability. Thedashedlinesshowtheaverageestimated90%confidenceinterval(upperandlower bound).���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Sincetherangeof the MPI estimatesis asimportantasthe interval that90%of theestimatesfall
in, Figure4.8 showsthe rangeof theestimatesfor theMult1.2 trace. It canbeconsiderablyhigherfor
few samples,particularly for the shorter sample lengths. The range grows as the sample length
decreasessincewith shortersamplesthereis greateropportunityfor variance. Furthermore,thereare
more samplesincludedin the statisticsfor the shortersamples,which increasesthe probability of an
extremevalue. The rangeof an individual conedecreasesas the amountof tracedata increases,of
course,sincemoresamplesaveragetogetherto moderatethevalues.
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Figure 4.8. Range of Time-Sampling Estimate for Mult1.2.

This figureshowsMult1.2 accuracyconeswhere90% of the estimatesfall, similar to thosein Figure4.5,
with the enclosingrangeof all theestimates.The areascorrespondto the MPI estimatesof a 4-megabyte
direct-mappedcachewith time-samplelengthsof 1, 10,and100million instructions.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

The conesfor the different workloads illustrate that obtaining accuratetime-samplingresults
requiressolving two sub-problems:removingthe 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,theseproblemsareindependentof eachother;thethicknessof thecone(or the
varianceof theMPI estimates)is thesamewith or without thebias,andthecold-startbiasis presentfor
theshortertime-samplesno matterwhat fractionof thetracedatais used. This decouplingof theprob-
lemsis usefulsinceit allows themto be solvedindependently.If a cold-startsimulationof a sample
hasmoreknownthaninitialization missesandfills thecacheat leasthalf full (i.e. if it satisfiesthecon-
straintslisted in Table4.10 of Section4.3.1), INITMR canremovethe cold-startbias. Then,a large
enoughportionof thefull tracedatawill ensureaccurateresults. Theproblemis that thecold-startcon-
straintsrequirelong time-samples,andmanysamplesareneededto reducethesamplevarianceandthe
thicknessof thecone.

Time samplingbecomeslesseffectivefor largercachesbecausethe cold-startproblemis worse.
The problemis bad enoughthat time samplingmay not meet the 10% samplinggoal for the largest
caches. Given the samplelength increasesneededfor larger caches,and since many samplesare
needed,roughly2/3 moretracedatais requiredeachtime thecachesizeis doubled. Accuratetime sam-
pling requiresmuchtracedatawith largecaches.For example,with Mult1.2 (Figure4.5), the 10 mil-
lion instructionsamplesmustbeusedratherthanthe 1 million onesbecauseof the cold-startbias. To
get the 10 million instructionconewithin 10%, at least10% of the full tracedatais needed.Bigger
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cachesrequirean evenlargerportion of the tracedatabecausethe cold-startbias is worse. Even the
100 million instructionsamplesfrom Mult1.2 were not long enoughto eliminate the bias for a 16-
megabytecache. Consequently,the samplinggoal cannotbe met. The needfor ever-largertracedata
quantitieswith largercachesis adistinctdisadvantageof time sampling.

In consideringINITMR to this point, only its accuracyin predicting the mean MPI has been
shown. Predictionof the distribution of the individual samplesis alsouseful to characterizethe MPI
time-behavior.For the10-million instructionsamplesfrom Mult1.2, Figure4.9 comparesthe distribu-
tion of 300 INITMR MPI time-samples,the same300 unbiasedMPI time-samples,and the unbiased
MPI of all 390 samplesacrossthe full Mult1.2 trace. All of the distributionsaresimilar. This shows
that 300 samplescanadequatelycharacterizethe full 390 samplesin the trace. Furthermore,although
thesampleswerenot long enoughto receivea ‘*’ in Table4.10,INITMR still givesa similar distribu-
tion to theunbiasedsamples.This showsthat INITMR preservestheMPI distributionof time samples,
evenwhenthesamplesaretoo short.
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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 samplesfor a 4-megabytedirect-mappedcache. The x-axispartitionsthesamplesinto binsbasedon
their MPI; a portion of all samplesfall in eachbin. The figure showsthe distributionof all 390 unbiased
samplesfrom thefull trace,300unbiasedsamples,andthesame300INITMR samples.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

4.3.3. Advantages and Disadvantages of Time Sampling

The major problemwith time samplingis cold start, which is exacerbatedby multi-megabyte
caches.INITMR is the most accuratecold-startreductiontechniqueconsideredin this chapter. It is
accuratebecauseit predictsthe initialization referencemissratio (µ). A sampleshouldfill at leasthalf
the cacheandhavemoreknown missesthan initialization referencesfor accurateINITMR estimates.
Unfortunately,thesearerigorousrequirementsfor all but the largesttime-samples.Oneimplicationof
this is that cold start imposesstringentusagerestrictionson an individual time-sample,similar to the
restrictionson set-samples,sincethe time-samplemustbe long enoughto mitigate the cold-startbias.
For the tracesusedin this dissertation,a 1-megabytecacheneedssamplesof 1-10million instructions.
Therequiredsamplelengthincreasesby abouta factorof eightfor eachcachesizequadrupling.



-- --

87

Whentime samplingeliminatesthe cold-startbias,enoughsampleswill ensureaccurateresults.
Many samplesareneededto captureadequateportionsof eachexecutionphase,even100or more. This
is a disadvantageascomparedto setsamplingsincesingleset-samplesautomaticallycapturepiecesof
eachexecutionphaseandtheir correspondingcacheperformancevariations. For the tracesusedin this
dissertation,thenumberof samplesshouldbe increasedby abouta factorof threeasthesamplesizeis
reducedby a factor of ten. Sincetime samplingrequiresso manylargesamples,it is difficult to meet
the 10%samplinggoal. Furthermore,the requiredfraction of the tracedataincreaseswith cachesize,
whichsuggeststime samplingwill beevenlessdesirablewith largerfuturecaches.

Any full traceis only a time-sample,so time samplingtechniquesarealwaysuseful. Time sam-
ples retain the timing of the memoryreferences;time-dependentbehaviorandthe interactionsamong
different cachesetscanbe modeled. Time samplingalso may conform to the limitations of existing
tracegatheringmechanisms.For example,theATUM tracegatheringmechanismproducesshorttime-
samplesbecauseof finite tracebuffers[AGSH86].

4.4. Conclusions

The examinationof multi-megabytecachesrequireslarge amountsof trace data. Long traces
overcomecold startandprovidethemostinformationabouta workload’scacheperformance,but finite
resourcesmake them difficult to obtain and use. Trace sampling can reducethe computationand
storagerequirementsof trace-drivensimulationby anorderof magnitude.It cangive themostaccurate
estimateof true meancacheperformancebecausemore cachebehaviorfrom more workloadscan be
examinedwith a fixed tracingbudget. This dissertationchapteris the first comparisonof setsampling
andtime sampling,two previouslyproposedtrace-samplingtechniques.

An importantaspectof any sampleis how flexible it is, or the rangeof cacheconfigurationsfor
which it can be used. Both set samplesand time sampleshaveusagerestrictions. A constant-bits
methodthat producessetsamplesfor the largestrangeof hierarchicalcacheconfigurationswasintro-
ducedin this chapter;it selectsreferencesbasedon thevaluesof their addressbits (constantbits). With
a singleset-sample,the explorablecachedesignspaceis well defined:setsamplesareusefulwhenthe
cacheset-indexingbits containtheconstantbits. Therestrictionson time-sampleusagearea little more
vague:time samplesare useful when the cold-startbias can be removed. Under the widest rangeof
conditions,the initialization referencemiss ratio estimationof INITMR givessuperiorcold-startbias
reduction. INITMR givesaccurateresultswhenthecacheis at least50%initialized by thesample,and
when thereare at leastas many known missesas initialization references.Theserestrictionsrequire
long time-samples.For the workloadsexaminedin this dissertation,a 1-megabytecacheneedstime
samplesof up to 10 million instructions,anda 16-megabytecacheneedstime samplesof 100 million
instructionsor more.

For thetracesusedin this dissertation,setsamplingproducesbettermeanMPI estimateswith less
tracedatathan time sampling;setsamplingmet the 10% samplinggoal of lessthan10% errorswith
lessthan10%of thefull tracedata. Providedsampleusagerestrictionscanbetolerated,setsamplingis
betterthantime samplingwhenestimatingmeancacheMPI. Onereasonfor its successis thatsetsam-
ples include referencesfrom manyexecutionphases,ratherthan just oneor a few like a single time-
sample;a single set-sampleretainsmuch of the phase-dependentcachebehavior,while many time-
samplesareneededto capturethe sameeffect. Anotherreasonfor the relativesuccessof setsampling
is the time-samplingcold-startproblem,which dictatesthe minimum time-samplelength,particularly
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for large caches.In this study, time samplingcould not meet the 10% samplinggoal for the largest
caches. Time samplesmay only be more useful when the timing of referencesor the interactions
amongsetsis important.

This chaptersimulatesa varietyof multi-megabytesecondarycachesof differentsizeandassocia-
tivity for severaldifferent traces. The comparisonshowsthat cachesize and associativityhave an
important effect on the set-samplingvs. time-sampling comparison. Both size and associativity
increasesmakesetsamplingmoredesirable:sizeincreasesbecausetime samplingrequiresmoretrace
dataascachesizesincrease(about2/3 morefor everycachesizedoubling),andassociativityincreases
becausetheconflict missesfrom individual setsarelesslikely to biasindividual sampleresults. These
trendsmakesetsamplingextremelyusefulfor multi-megabytecacheanalysis,andevenmoreusefulfor
theeverlargercachesof thefuture.
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Chapter 5

Memory System Design With Multi-Megabyte
Caches

5.1. Introduction

Whereasmanyothercachedesignstudiesfocuson smallercaches,this chapterfocuseson multi-
megabytecachedesign. Using tracesof large workloads,this chaptershowsthat high-performance
memorysystemswith multi-megabytecachescangreatly improveperformancebeyondwhat is avail-
ablewith smallercaches.A multi-megabytecacheat the bottomof a two-level CPU cachehierarchy
reducesthemain memoryaccessfrequencyrequiredto supportprocessorreferences,andconsequently
eliminatesmostof the performancelossdueto cachemisses,evenwheneachmissis very expensive.
Togetherwith fasterprimarycachesthatservicemostreferences,multi-megabytesecondarycachescan
allow eventhefastestprocessorsto executeneartheir maximumspeeds.

This chapterfinds many similarities betweenthe designof multi-megabytecachesand smaller
caches,aswell asmanydifferences.For multi-megabytecaches,theresultsof this chapterconfirmthat
2-way set-associativitygives much of the performancebenefitsof higher associativities,which was
well-knownfor smallercaches[HILS89]. As a striking difference,theresultsalsoshowthat theperfor-
manceimprovementfrom doubling associativityis smaller than the improvementfrom doubling the
sizeof a direct-mappedcache;this contradictsPattersonandHennessy’s2:1 rule of thumbfor smaller
caches[HENP90]. This chapterfindsthatset-associativityis mostnecessaryin a secondarycachewhen
the cacheis not much larger than its primary caches.It also showsthat direct-mappingperformsso
well with the largestcaches(e.g., cachesthat are 32 or more times the primary cachesize) that an
increasein associativitybeyonddirect-mappedcouldworsenperformance;this extendsthework of Hill
[HILL 87,HILL 88] and Przybylski [PRZY88,PRHH89], who showedthat direct-mappingoutperforms
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higherassociativitiesin largeprimary caches(e.g.,greaterthan64-kilobyte). This chaptershowsthat
non-randomreplacementpolicieseliminatemanycachemissesin someworkloads,but few in others,so
randomreplacementmaystill bepreferredbecauseit is easyto implement. This chapteralsofindsthat
equalizingthememoryaccessandtransfertime latencycomponentsusuallygivesa near-optimalblock
size,a result that Przybylski [PRZY90] and Smith [SMIT87] showedfor smallercaches.Finally, this
chapterdiscussestheimplementationof hardwaremulti-level inclusionin auniprocessorsystem.

Trace-drivensimulation results from the tracesdescribedin Chapter3 form the basis for the
analysisof this chapter. Section5.2 examinesthe needfor multi-megabytecaches,emphasizingthe
reducedmemorytraffic that theyallow. Section5.3 motivatesthehierarchicalcacheconfigurationthat
is assumedthroughoutthis dissertation,the one depictedon the far right in Figure 1.1. (Section2.2
gives definitions and default parametersof caches.)This chapterusesthe SCPI cacheperformance
metric, introducedin Section2.4, becauseit is importantto addtiming to the MPI estimatesobtained
from the previouschapterswhencomparingalternativecachedesigns. Section5.4 discussesprimary
cachedesignconsiderations.Section5.5showstheaffectthatdifferentcachesizescanhaveon thepro-
cessorstall time, pointing out the affect of main memoryspeeds,workload choice,and cachespeed
degradationon preferredcachesize. Section5.6 considersalternativesecondarycacheassociativities
and Section5.7 considersdifferent cacheblock sizes. Section5.8 considersthe implementationof
multi-level inclusion. Section5.9summarizestheresultsof this chapter.

5.2. Importance of Multi-Megabyte Caches

With fasterprocessorsandexpandingmain (DRAM) memorysizes,the designof a memorysys-
tem to satisfyprocessordemandsbecomesa moredifficult problem. Futureprocessorswill beableto
execute100 or moreoperationsduring the sametime it takesto servicea singlemain memoryrefer-
ence,so the slow main memory accesstime can dominateprocessingspeedsunlessmain memory
accessesarerare. Futuremainmemorieswill grow to hundredsof megabytesandmore,so it is inevit-
ablethat futureapplicationswill referencemuchmorememory,especiallysincefasterprocessorsallow
largerproblemsto be solved. This sectionshowsthat multi-megabytecachesrequireonly very infre-
quentmainmemoryaccesses,which allowsthemto satisfythechallengingrequirementsof futurecom-
puting environments.The next sectionshowshow cachehierarchiescanprovidethe fast accesstimes
of asmallercachetogetherwith thelow mainmemoryaccessrequirementsof multi-megabytecaches.

For thetracesdescribedin Chapter3, Figure5.1showstheratio of themainmemorytraffic with a
4-megabytecachedivided by the main memorytraffic without a cacheinsertedbetweenthe processor
andthe main memory. (Whenthereis no cache,everyinstructionrequiresat leastonemain memory
access.)Themainmemorytraffic reductionof multi-megabytecacheshastwo components:accessfre-
quencyreductionandbandwidthreduction. Theaccessfrequency is thenumberof timesthata contigu-
ousblock of memoryis eitherreador written (the secondarycacheis write-back,soall main memory
accesseseitherreador write largeblocks). The accessbandwidth is the numberof datawordsthat the
mainmemoryeitherreadsor writes(excludingaddressandcontrol information). Both traffic reduction
componentsare important to the performanceimprovementsobtainedwith multi-megabytecaches.
Frequencyreductionmay be moreessentialthanbandwidthbecausebulk datatransfersareoften con-
siderablymoreefficientthansmaller,morefrequent,datatransfers.

Theresultsin Figure5.1showthat themulti-megabytecachegreatlyreducesaccessfrequencyfor
eachtrace;theaccessfrequencywith themulti-megabytecacherelativeto theaccessfrequencywithout
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Figure 5.1. Memory Traffic Reduction With Multi-Megabyte Cache.

This figure shows the memory accessfrequencyand bandwidth reductionswith a 4-megabytecache
memoryfor the tracesof this study. It showsthe ratio of resultsrelativeto thevalueswithout a cachein-
sertedbetweenthe processorand memory, including both instruction accessesand data accesses.The
cacheis direct-mappedwith a block sizeof 128-bytes,andis write-back.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

thecacheis usuallytoo small to see. Thecachereducesbandwidthto a lesserextentbecauseeachmain
memoryaccessoccursastheresultof a cachemiss,soeachaccessinvolvesthe transferof entirecache
blocks,which areconsiderablylargerthanthe single-wordloadsandstoresrequiredby the processor.
Nevertheless,the 4-megabytecacheoften gets a factor of 20-50 bandwidth reduction,and always
reducesthe accessfrequencyby more thana factor of 100. The Sor tracegives traffic ratios that are
considerablylarger than the other traces. This showsthe poor Sor cacheperformance,which will
becomemoreevidentasthis chapterprogresses.

This is the first study to analyzemulti-megabytecaches,perhapsbecausethey havenot become
cost-effectiveand necessaryuntil recently. Traffic reductionslike those shown in Figure 5.1 are
requiredwhenmain memoryaccesstimesarehigh enoughandcannotbeoverlappedwith otheruseful
work. Smallercachescannotachievethesetraffic reductionswith theselargeworkloads. This chapter
examinesthedesignalternativesandrequirementsof thesemulti-megabytecaches.

5.3. Importance of the CPU Cache Hierarchy

Multi-megabytecachesreducemain memory traffic, but that alone is inadequatefor a high-
performancememory system. A multi-megabytecachehas a much faster accesstime than main
memory,but it is not fast enough. Figure5.2 showsthe multi-level cacheconfigurationintroducedin
Chapter1 that solves this problem. This multi-level structuringsolves the speedproblemsof the
multi-megabytecachebecausethe fasterprimary CPU cachesservicemost references,and the multi-
megabytesecondarycacheservicesonly the missesin the primary caches.The primary instruction
(ICACHE) anddata(DCACHE) cachesaresplit so that they canconcurrentlyserviceboth an instruc-
tion anddataaccess,but bothprimarycachessharetheuseof aunifiedmulti-megabytesecondarycache
(SCACHE). A main memoryreferenceoccursonly whenthereis a miss in both the primary and the
secondarycache. This hierarchical structuring bypassesthe speedlimitations of multi-megabyte
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caches,yet it retainstheir storagecapacity(andinfrequentmisses).Of course,addinganotherlevel also
increasesthe complexityof the designsincethe interactionsbetweenall elementsof the memorysys-
tem must be considered.The needfor ever-fastermemoryaccessesoutweighsthe disadvantagesof
increasedcomplexity,however,andmultiple levelsof CPUcachesarecertainto beprevalentin many
futuredesigns.
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Figure 5.2. The Simulated Cache Configuration.

Thisfigurerepresentstheassumedcacheconfigurationusedthroughoutthisdissertation.It consistsof 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
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Other recentstudiesfocuson CPU cachehierarchiesfor bridging the CPU-mainmemoryspeed
gap[BUKB90,PRHH89,SHOL88,WABL89]. While implementationtechnologydemandsa multi-level
cachehierarchy,often with small primary cachesandlargersecondarycaches,a cachehierarchyalone
is not adequateto ensuregoodperformance.Without a multi-megabytesecondarycache,a hierarchy
will not sufficiently reducemain memoryaccessfrequency. This dissertationfocuseson hierarchies
includingmulti-megabytesecondarycachesat thebottom.

A greatmanyoptionsbecomeavailableto CPUcachedesignerswhenconsideringmultiple-levels
of caches,too manyto be immediatelyexamined. In practice,structuralconstraintsoften dictatepor-
tionsof thedesign. For example,if theprimarycachesareconstrainedto resideon theprocessorchip,
their sizemaybefixed for a givenprocessorimplementation.This studyrestrictstheprimarycachesto
32-kilobyteseach. This restrictionis appropriatesincea designusingcommercially-availableproces-
sors,or anyfixed-primary-cacheprocessordesign,would besimilarly constrained.This studyalsoonly
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considersdirect-mappedprimary caches,as advocatedby Hill [HILL 88] and Jouppi [JOUP89]. This
dissertationfurther prunesthe designspaceby consideringonly two-level hierarchicalconfigurations.
For the nearfuture, two levelsin the CPUcachehierarchywill be both practicalandusefulsincethey
provide the advantagesof 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
cachesarelargecomparedto theupstreamcaches,secondarycacheperformanceis largely independent
of thenumberof hierarchylevelsor theparticularprimarycacheconfiguration[PRZY88].

5.4. The Primary Caches

Table 5.1 shows local miss ratios (missesdivided by references)and SCPI (stall cycles per
instruction)componentsfor thedataandinstructioncachesof 32-kilobyteseachwith block sizesof 32-
bytes. Section2.4of Chapter2 discussestheadvantagesof thecacheperformancemetricsMPI (misses
per instruction)andSCPI. SCPI factorsin both the cachereferencefrequencyandtiming so that the
effect of cachemissesis evident. The resultsfor the different tracesshow that the miss ratio of the
instructioncacheis consistentlysmallerthanthe missratio of the datacache.However,sincethepro-
cessorusesthe instructioncachemorefrequentlythanthedatacache(loadsandstoresareonly 40%of
the instructions),the effect of the instructioncachemisseson processorperformance(SCPIICACHE) is
considerablycloserto thatof thedatacache(SCPIDCACHE). This is oneindicationthat(local) missratio
can be a misleadingindicator of the performanceeffectsof a cache. Both MPI and SCPI correctly
accountfor the cacheaccessfrequencyand the fraction of accessesthat causemisses,allowing the
effectof misseson performanceto beproperlycharacterized.Miss ratio mayobscurethecacheaccess
frequencyandgive amisleadingcharacterization.Therefore,this dissertationusesMPI andSCPI rather
than miss ratio. This chapterusesSCPI in many casesto comparealternativecacheconfigurations
becauseit includesthe timing behaviorof a cache,as well as the miss frequency. This is important
becausethetiming maychangewith differentcacheconfigurations.

The data in Table 5.1 showsthat the SCPI componentsresulting from the primary cachescan
reacha valueof 0.2 althoughthe cachesizesare32-kilobyteseach. While it is not the major focusof
this thesis,primarycachedesignis importantto theperformanceof thememorysystemhierarchy. For
the Mult1.2 trace,Figure5.3 emphasizesthe contributionsof eachcachein the hierarchyby showing
thefractionof SCPI that is a resultof themissesfrom eachcomponentof thehierarchy.Clearly,a large
portion of SCPI resultsfrom the primary caches.Their contributionto overall memorysystemperfor-
manceshouldnot beignored.

Recognizingthe importanceof primary cachesto memorysystem performance,severalrecent
studiesproposeenhancementsto primarycachedesignthatallow processorsto realizetheir high perfor-
mancepotential. For primarycaches,particularly instructioncaches,prefetchingmay beusedto over-
lap the latencyof secondarycacheaccesseswith usefulwork. Smith [SMIT82] describesseveralpre-
fetching options,someof which were examinedby Hill [HILL 87]. Farrensand Pleszkun[FARP89]
advocatethe useof queuesthat allow instructionsto be fetchedbeforetheyareused. Jouppi[JOUP90]
advocatesstreambuffersthat prefetchsequentiallocationsafter cachemisses.Jouppialso introduces
victim caches,small fully-associativebuffersto eliminateconflict missesin direct-mappedcaches,and
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Table 5.1. Primary Cache Performance.

This tableshowsthelocal missratios(top) andSCPI components(bottom)for theprimary instructionand
datacaches(TmissICACHE = TmissDCACHE = 10). (Section2.4 of Chapter2 definesSCPI andTmiss.) The
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Figure 5.3. Portions of SCPI for Mult1.2.

This figure showsthe division of SCPI of 0.21 into componentsdue to instruction,data,and secondary
cachemissesfor Mult1.2. Thesecondarycacheis direct-mappedof size4-megabyteswith a block sizeof
128-bytes.«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«�«

findsthemparticularlyusefulfor datacaches.Datacachedesignbecomesmoredifficult andimportant
asprocessorsarefastenoughto executemorethanoneinstructionduringthetime it takesto accessthe
cachememory. Sohi and Franklin [SOHF91] introducea lockup-free[KROF81] primary data cache
organizationthat meetsprocessordatamemorybandwidthrequirementsundersuchconditions. These
studiesshowthatprimarycachedesignshouldnot beneglected.



-- --

95

5.5. Secondary Cache Size Choice

Perhapsthe most important secondarycachedesignconsiderationis size. The advantageof a
largercacheis a lower MPI. Unfortunately,a largercachealsohasa highercost,requiresmorespace,
andhasa sloweraccesstime thana smallercache.This sectionexaminesthesetradeoffs.Section5.5.1
considerstheeffectsof slowermainmemoryaccesstimes,showsthata largercacheis desired,but does
not factor in the implementationconsiderationsof a largercache.Section5.5.2showsthat the desired
cachesizedependson the workloadsexecutedon the machine. Finally, Section5.5.3factorsin some
implementationconsiderationsof cachesize increases,for a morebalancedperspectiveof the perfor-
manceimplicationsof cachesizeincreases.

5.5.1. Effect of Processor-Main Memory Speed Gap

As processorspeedsincreaserelative to the accesstimes of main (DRAM) memories,main
memoryaccessesbecomemorecostly. If techniquescannotbedevelopedto eliminateor overlapthese
large latencies,a high performancememory systemmust reducethe frequencyof main memory
accessesor theywill dominateprocessorperformance.

Figure5.4 showsthat the reducedMPI of multi-megabytecachesbecomesmoreessentialasthe
main memoryaccesstime increases.For the Mult1.2 trace,the figure showsthe SCPI valuesfor dif-
ferentcachesizeswith Tmiss rangingfrom 30 to 200cycles. The resultsmakethe optimistic assump-
tion that the secondarycacheaccesstime is independentof cachesize(TmissICACHE andTmissDCACHE

areconstant,unlike Section5.5.3). Note that SCPI doesnot approachzerowith increasingcachesize
becausethe primary cachemissesalso contribute a portion of the SCPI. (Table 5.1 shows that
SCPIICACHE andSCPIDCACHE sumto 0.14for Mult1.2.)

Themagnitudeof TmissSCACHE is crucial to thesecondarycachesizechoice. While a systemwith
a 128-kilobytesecondarycachemight provide a sufficiently low SCPI with TmissSCACHE = 30, cache
sizesof 1-megabyteor morearerequiredfor similar performancewith thehighermain memoryaccess
times. For example,asthedottedlinesin Figure5.4show,morethana 1-megabytecacheis neededfor
the sameSCPI asa 128-kilobytecacheasTmissSCACHE increasesfrom 30 to 100 cycles. This is more
thana factorof eightsizeincrease.Similarly, thecachesizemustbeat least4-megabytesfor thesame
SCPI whenTmissSCACHE increasesto 200cycles.

TmissSCACHE consistsof severalcomponents.The first portion, and perhapsthe largest,is the
fixed latencyof a memoryaccess.This is thepart that is independentof theamountof datatransferred
(theblock size). It includesthe time to sendtheaddressto themain memory,cycle thememoryarray,
and return the first portion of the data. The secondportion of TmissSCACHE 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
memoryaccesstime. Thecombinationof thesefactorscanleadto delaysof hundredsof cyclesfor fast
processors.TmissSCACHE could easily be 100 cycleswheneachcycle is five nanosecondsor less. In
multiprocessors,thecachemisslatencyonly getsworse.

The secondarycacheneedsto be largeenoughto makeSCPI small. An SCPI of 0.5 will slow a
processorthatexecutesa singleinstructionpercycle,andit will devastatetheperformanceof a proces-
sorthatexecutesmultiple instructionspercycle. That is, thememorysystembecomestheperformance
bottleneckasprocessorspeedsincrease,so a small SCPI reductioncangreatly improveprocessorper-
formance.
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Figure 5.4. Effect of Miss Penalty on SCPI for Mult1.2.

This figureshowsthe Stall CyclesPerInstruction(SCPI) versusthe secondarycachesizefor the Mult1.2
trace With various main memory accesstimes (TmissSCACHE = 30, 100, and 200 Cycles). The direct-
mappedsecondarycacheshaveblock sizesof 128-bytes.­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­�­

5.5.2. The Effect of Workload Choice

The type of programsfor which a memorysystemis being designedhavea large effect on its
design. If working setsizesareno more than512-kilobytes,a 512-kilobytecachemay be more than
enoughto providegoodperformance.On the otherhand,a programthat referenceslargeamountsof
memorywith poor locality will performpoorly with a small cache.Sincethe tracedworkloadsusedin
this dissertationreferencelarge amountsof memory, this study favors larger caches.This bias was
intentional since the appearanceof larger main memories(100-megabytesand more) is expectedto
bring larger workloads. As more resourcesbecomeavailable,usersnaturally adjust to utilize them,
bothby increasingthesizeof previousapplicationsandby creatingnewapplications.

Figure5.5 showsthedifferencein performancefor thedifferentworkloadscapturedin the traces.
Therearelargedifferencesin SCPI thatresultfrom thevariousmemoryreferencebehaviorsincludedin
thetracedata. TheSortracehastheworstperformance,its SCPI is muchhigherthanfor therestof the
workloads. Sor operateson representationsof large,sparse,matrices.This leadsto largelocality sets.
It is widely acceptedthat cachesperformpoorly with scientificworkloads. A counter-exampleto this
generalizationis Lin. Lin is anotherscientificprogramthatusessparsematrices,yet givesgoodcache
performancebecauseit hasmuchhigher locality. This showsthat scientificworkloadsarenot always
hardoncaches;SCPI dependson thelocality of theworkload.

Onecouldarguethat theSorworkloadis not anaverageworkload,andonemight evenarguethat
its SCPI is pathological. Evenso,theSorresultspoint out oneimportantfact: whenchoosinga secon-
darycachesize,the applicationsthat canefficiently executeon the systemarealsobeingchosen.The
Sorworkloadwould performpoorly on a systemwith only a 1-megabytesecondarycache(andthe100
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Figure 5.5. Effect of Workload on Cache Size Choice.

This figure showsthe Stall CyclesPerInstruction(SCPI) versusthe secondarycachesizeof the different
tracesconsideredin this study. Thesecondarycachesaredirect-mappedwith block sizesof 128-bytesand
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cyclesecondarymisspenalty),while themultiprogrammedworkloadsperformwell. If scientificappli-
cationslike Sorareexpected,a largercachesizemight bepreferred.

Figure 5.5 showsthat multiprogrammingdoesnot necessarilylead to poor cacheperformance.
The multiprogrammedtracesgive the secondlowestSCPI overall, below the uniprogrammedSor,Tv,
andTreeSCPI results. TheSCPI of themultiprogrammedtracesarealmostthesame,probablybecause
of thesimilarity of the tracedworkloads. Mult1.2 (Mult2.2) hasa slightly lower SCPI thandoesMult1
(Mult2), showingthe well known result that cacheefficiencyimproveswith increasingprocessswitch
interval [SMIT82]. This is fortunatesinceswitch intervalsarelikely to increasewith the fasterproces-
sors of the future. However,with hundredsof thousandsof instructionsexecutedbetweenprocess
switches,the locality of the workloadis a more importantdeterminantof cacheperformancethanthe
processswitch interval. Mult1 (Mult1.2) has a higher multiprogramminglevel and more memory
activeat anytime thanMult2 (Mult2.2), whichgivesit slightly higherSCPI values.

5.5.3. Effect of Speed Degradation With Larger Caches

Not surprisingly,sincetherewasno penaltyto increasingthecachesize,the resultsin Figure5.5
showsthat SCPI is minimized with larger caches.But larger cachestend to be slower than smaller
cachesbecausethey havea wider fanout and fanin. This speeddegradationof larger cachescan be
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factoredinto theSCPI modelby increasingtheaccesstime of thelargersecondarycaches.This section
startsby consideringtheSCPI with differentcachesif thereis a 10%accesstime increasefor eachdou-
bling of thecachesize. Figure5.6 showsSCPI versusthecachesizewith the10%degradationperper
secondarycachesize doubling. The resultsare similar to Figure 5.5, exceptthat the SCPI increases
with largercaches.
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Figure 5.6. Effect of 10% Speed Degradation Per Cache Size Doubling.

This figure showsthe Stall CyclesPerInstruction(SCPI) versusthe secondarycachesizeof the different
tracesconsideredin this study. Thesecondarycachesaredirect-mappedwith block sizesof 128-bytesand
TmissSCACHE = 100. The latencyof a secondarycacheaccessincreasesby 10% with eachdoublingof the
secondarycachesize (TmissICACHE and TmissDCACHE are eight cyclesfor the 128-kilobytecacheand in-
creaseby 10%eachtime thecachesizeis doubled).±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±�±

In Figure 5.6, many tracesshow SCPI reachingits minimal value at a cachesize below 16-
megabytes,usually8-megabytes.With a 10%degradationin secondarycacheaccesstime persizedou-
bling, a 16-megabytecachewould probably not be preferredover an 8-megabytecache. The 8-
megabytecachedoesnot minimize SCPI for all the traces,however. Tv andSor havemonotonically
decreasingSCPI valueswith increasingcachesize,evenwith the 10% speeddegradation.For those
two workloads,the advantageof the reducedMPI alwaysoutweighsthe sloweraccesstime of larger
secondarycaches(up to 16-megabytes).

An alternativeway to examinethe accesstime andmiss reductiontradeoffsis to find the max-
imum accesstime penaltythat canbe toleratedin a largercachewhile keepingSCPI constant.Using
the parametersof the SCPI model, the questionis: by how much can TmissICACHE and TmissDCACHE
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increaseasthecachesizeis doubled(while SCPISCACHE decreases)sothatSCPI doesnot increaseasa
result? This is the break-evenaccesstime penalty, Tbreakeven. (Przybylski also usesa breakeven
analysis[PRZY88].) Of course,for an implementationof the larger cachesize to be preferable,the
actual implementationtime penalty should be considerablysmaller than Tbreakeven so that SCPI is
smallerwith the largercache. Tbreakeven is a usefulmeasureshowingthe accesstime toleranceasthe
cachesizeis doubled.

The break-evenaccesstime penaltyis simply calculatedusingthe formula for SCPI. The higher
secondarycacheaccesstimescanbeequatedto the fewermain memoryaccesstimesasin the follow-
ing equation:

(MPIICACHE + MPIDCACHE)Tbreakeven = TmissSCACHE∆MPISCACHE (5.1)

whereTbreakeven is the break-evenaccesstime penaltyand∆MPISCACHE is the decreasein MPISCACHE

with thelargercachesize. This canthenbesolvedfor Tbreakeven. Notethatthis calculationassumesthat
TmissSCACHE is not adversely affected by the cache speed slowdown, only TmissICACHE and
TmissDCACHE increase.That is, the latencyof a secondarycacheaccessincreases,but the latencyof a
secondarycachemissdoesnot with acachesizedoubling.

Figure5.7 showsTbreakeven for different secondarycachesizeswith the different traces(asa per-
cent of the normal secondarycacheaccesstime of ten cycles). Somebreak-evenpenaltiesare more
than100%,indicating that the secondarycacheaccesstime could be doubledto twenty cycleswhena
cachesizedoublingandtheSCPI would still bereduced.This suggestsaperformanceimprovementfor
largercachesizes,evenif theaccesstime of thesecondarycacheis substantiallyworsened.

For mostof the traces,Tbreakeven decreaseswith increasingcachesize. This showsthe decreasing
needfor largercachesas the cachesize is increased.As SCPISCACHE becomesa smallerandsmaller
portion of the total SCPI, SCPI shrinksby a smalleramountwhendoubling the cachesize. Then,the
smallerMPI reductioncannotcompensateasmuchfor asloweraccesstime.

For theTv, Sor,andLin traces,Tbreakeven doesnot monotonicallydecreasewith cachesize. Inter-
mediatecachesizesinsteadmaximizeTbreakeven, andTbreakeven is lower for thesmallerandlargercache
sizes. This abnormalbehavioris because∆MPISCACHE is not constant.∆MPISCACHE is maximizedat
the intermediate-sizedcaches,while the smallerandlargercacheshavelower ∆MPISCACHE values. At
the intermediatecachesizes,MPISCACHE drops precipitouslybecausethe cachesuddenlyholds the
workingset,andsoTbreakeven is large.

Figure5.7 showsthat,particularlyfor thesmallercachesizes,Tbreakeven is slightly smallerfor the
multiprogrammedworkloadswith longer processswitch intervals. This showsthat a longer interval
reducestheneedfor a largersecondarycache.

5.6. Secondary Cache Associativity Alternatives

Another importantsecondarycachedesignconsiderationis the associativityof the cache,or the
numberof locationswherea given block canresidein the cache. This sectionexaminesthe effect of
different associativityimplementations.The structureof this sectionis much like the previousone
(5.5). Section5.6.1showsthe SCPI improvementproducedby associativityif thereis no accesstime
implementationpenalty of increasedassociativity. Section 5.6.2 shows the MPI improvementof
sophisticatedreplacementpolicies. Section5.6.3 brings in the timing considerationsof associativity
increases.Finally, Section5.6.4considersinexpensiveimplementationsof set-associativity.
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Figure 5.7. Break-Even Access Time Penalties for Cache Size Doubling.

This figure showsbreak-evenaccesstime penalties(asa percentof the secondarycacheaccesstime) for
doubling the cachesize. This is the maximumpercentagethat TmissICACHE and TmissDCACHE canbe in-
creasedbeyond ten cycles when the cache size is doubled that does not allow SCPI to increase
(TmissSCACHE = 100). A valueof 100%implies a cacheof twice the sizeanda twenty cycle accesstime
will give thesameSCPI. Thesecondarycachesaredirect-mappedwith block sizesof 128-bytes.³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³

5.6.1. The Usefulness of Associativity

Thereis moremappingflexibility with a set-associativecachethanwith a direct-mappedcache.
This flexibility providesthemotivationfor set-associativity:a lower MPI. Themotivationis strongfor
secondarycaches.Primarycachessatisfymostof theprocessorreferences,but therestmustbeserviced
by thesecondarycache.This makesthe (local) missratio of secondarycachesmuchhigherthana pri-
mary cacheof the samesize [KEJL89,PRHH89]. Higher secondarycacheassociativitycan satisfy a
largerportion of the primary cachemisses.Sincethe major taskof a secondarycacheis to reducethe
MPI, it may seemthat higherassociativityis clearly advantageous.However,the potentialdisadvan-
tageof increasedassociativityis a sloweraccesstime, andprobablymorehardware,sincemorecache
block framesmustbesearchedon a given access.A slowersecondarycacheaccesstime may only be
affordablebecausethesecondarycachesareaccessedlessfrequentlythantheprimarycaches.

To considerthepotentialof associativity,Figure5.8 plotsSCPIversusthecacheassociativityfor
a rangeof secondarycachesizeswith theMult1.2 workload. Theseresultsmaketheoptimisticassump-
tion thatassociativityandcachesizechangescauseno increasein secondarycacheaccesstime (Section
5.6.3 factors in someimplementationtiming considerations);the only changingparameterin these
resultsis theMPI. As expected,higherassociativitiesreducetheMPI andthusreducetheSCPI.

The resultsin Figure5.8 showthat, for the Mult1.2 trace,associativitysubstantiallyreducesthe
SCPI of the smallercaches,but, is lessuseful for the larger caches.The higher MPI in the smaller
cachesleavesmuch opportunity for associativitymiss elimination. With the larger caches,however,
associativity is less neededsince direct-mappedcachesalready perform well. This conclusion is
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Figure 5.8. Performance Over a Range of Associativities.

This figure showsthe Stall CyclesPerInstruction(SCPI) versuscacheassociativityfor the Mult1.2 trace
overa rangeof cachesizes. Theblock sizeof thesecondarycachesis 128-bytes.Theresultsmaketheop-
timistic assumptionthatassociativityandcachesizechangesdonot increasesecondarycacheaccesstime.µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ

consistentwith severalstudiesof non-hierarchicalconfigurations[HILL 88,PRHH88]: oncethe (local)
miss ratio becomessufficiently low, there is not much performancegain from higher associativity.
While associativityis worth considerabledesigneffort for the smallercaches,with a largercachethe
effort is lessnecessary(for this traceandtheseparameters).Werethemainmemoryaccesstime or the
MPI higher,however,adifferentdecisionmight bereached.

The 2:1 ‘‘rule of thumb’’ saysthat a cachesizedoubling andan associativitydoubling produce
aboutthesamedirect-mappedcacheperformanceimprovement[HENP90]. TheMult1.2 resultsin Fig-
ure 5.8 (and Chapter3) are a counter-exampleto this rule. They show that a cachesize doubling
changesthedirect-mappedSCPI by about50%morethananassociativitydoublingdoes. Thekey rea-
sonfor this contradictionis thatmulti-megabytecachesindexto thousandsof setswith little contention.
Virtual-indexing spreadsmemory locationsevenly acrossthe cache,which makesassociativityless
beneficialandnecessary.Chapter6 introducessoftwaretechniquesthatmakea real-indexedcacheper-
form like a virtual-indexedone, in which casea real-indexedcachealsoviolatesthe 2:1 rule. Multi-
megabytecachesdo not follow the2:1 rule becausetheyhavelittle cachecontentionand,consequently,
lessneedfor associativity. This is different from the resultsof previousstudiesfocusingon smaller
designs[HENP90].
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For all traces,Table 5.2 showsthe SCPI for 1-megabytecachesof varying associativities.The
othertraceshavesimilar associativityimprovementsto thosefor Mult1.2, thoughtherearelargevaria-
tions for the differentworkloads. Again, the Sor tracestandsout. It givesa considerablyhigherSCPI
whichdoesnot decreasewith associativitybecauseof its loopingreferences.
¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶�¶
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SecondaryCacheAssociativityTrace Direct-Mapped 2-Way 4-Wayº¸º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º
Mult1 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»¸»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»¼¼
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Table 5.2. Effects of Associativity on Cache Performance.

This tableshowsSCPI valuesfor 1-megabytesecondarycaches.It holdsall parametersother thancache
associativityconstant.½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½

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 thathasalsobeenobservedfor smallercaches[HILS89]:2-wayset-associativityeliminatesmany
direct-mappedcacheconflicts. An associativityincreasebeyond2-way providesonly modestreduc-
tions in the cacheMPI. The next sectionexamineswhethera moresophisticatedreplacementpolicy
canfurtherimprovetheperformanceof set-associativecaches.

5.6.2. Replacement Policy Effects

Associativityallowssomefreedomwhenchoosingwherea block will residein thecache.With a
direct-mappedcache,eachblock canresidein exactlyoneframe. With higherassociativities,anyof the
block framesin thesetcanhold theblock. Theaddedflexibility of associativitythrustsmoreresponsi-
bility on thecachedecisionmaking. On a miss,thecachemustchoosea frameto hold theblock. Nor-
mally, thecachemustreplaceanotherblock from thesetsinceall framesareused. The cachereplace-
mentpolicy choosestheblock from thesetthatwill bereplaced.

Two commonreplacementpolicies are randomand least-recently-used(LRU) [HENP90]. This
dissertationusesrandomreplacementbecauseit is simpleandrequiresno stateinformation. Random
choosesa randomblock in the setfor replacement.LRU, on the otherhand,choosesthe block whose
last referencewasfurthestin thepast. LRU requiresinformationaboutthepastreferencesto thesetto
makeits replacementdecision. Sincepastreferencepatternsaregoodpredictorsof thefuture,LRU can
significantly reducethe MPI, particularly with workloadsthat havegood locality of reference.How-
ever,theneedfor storingandupdatingtheLRU informationis adisadvantage.

With hierarchicalcacheconfigurationstherearemorereplacementpolicy optionsthanwith a sin-
gle level of caches.For example,the secondarycachereplacementdecisionscanbe basedlocally on
the referencesto thesecondarycache;alternatively,the primary cachereferencesmay alsobea factor.
Theoptionsare:shouldtheLRUth block bethelastblock referenced(locally) in thesecondarycacheor
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the last block referenced(globally) by the processor?Note that the two optionsaredifferent because
the primary cachesfilter out processorreferencesbefore they reachthe secondarycache. The first
option (local) is easierto implementsinceonly secondarycachereferenceschangethe setLRU state.
However,thesecondoption(global)mayleadto betterreplacementdecisions.

This sectioncomparesfour replacementpolicies that werechosenfor their intuitive appealand
implementationsimplicity. The first is the simplerandompolicy. The secondis a simpleLRU policy
basedon the local secondarycachereferences.The third is the sameLRU policy, exceptthat write-
backs(from thedatacacheto thesecondarycache)do not affect theLRU orderingof a set. Intuitively,
write-backsshouldnot updatethe LRU information becausethey are only a result of primary cache
replacementandarenot directly a partof theprocessorreferencestream.Thefinal replacementpolicy
considersinformation aboutprimary cachecontents. Inclusion-randomreplacesa randomsecondary
cacheblock that is not heldin theprimarycaches20.

Table 5.3 showsthe fraction of the randomreplacementmissesthat are eliminatedby the final
threereplacementpolicies. The resultsshow that the performanceof LRU is largely independentof
whetherwrite-backsupdatethe LRU information. While the MPI’s were improved slightly when
write-backsdid not updateLRU information,thedifferencewasnot significantenoughto appearin the
resultsin Table5.3.

LRU replacementgivesa substantialMPI reductionfor themultiprogrammedtracesin Table5.3.
This is probablybecausethe smallermultiprogrammedprocessesreferenceonly a small portion of the
cache,soLRU couldhold a numberof themin thecacheat thesametime. But the MPI improvement
is modestfor theuniprogrammedtraces. In fact, LRU increasestheLin MPI comparedto random. For
theother(non-Lin) uniprogrammedtraces,LRU hasonly a small advantageover randomreplacement.
Overall, it is not clear whetherit is worth the extra effort to implementLRU replacementin a 4-
megabytesecondarycache. The choice dependson whetherbehavior like the multiprogrammedor
uniprogrammedtraceswill predominate.

Table 5.3 showsthat inclusion-randomimprovesMPI slightly relative to randomreplacement.
Thoughthis showsthat it is betternot to replacesecondarycacheblocksthatare(at leastpartially) held
in the primary caches,inclusion-randomrequiresconsiderabledesigncomplexity beyondsimple ran-
domreplacement,so it is probablynot worthwhile for its MPI reductionalone. However,muchof this
complexity is alreadyrequiredwith inclusion. The motivation for inclusion is more thansimply MPI
reduction. Section5.8discussesinclusion.

5.6.3. Effect of Speed Degradation With Associativity

The Figure5.8 resultsdid not haveany increasedaccesstime effectsof associativity. Increasing
associativitymay increasethe cacheaccesstime [HILL 88]. A speeddegradationwith higherassocia-
tivity can be factoredinto the SCPI equationsby increasingthe secondarycacheaccesstime with
increasedassociativity,just like Section5.5.3 includedthe latencyincreaseof a cachesizedoubling.
Figure5.9 showsthe SCPI for differentassociativitieswith a 10%speeddegradationfor eachassocia-
tivity doubling. (Hill discussessomeassociativityimplementationsthat increasethe direct-mapped
¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾

20. If theprimarycacheholdsall blocksin theset,thesimulatorchoosesa randomblock for replacement.
Note that since the primary cacheblock size is smaller than the secondarycacheblock size, the primary
cacheholdsonly aportionof blocksatanytime.
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Table 5.3. Improvement of Replacement Policies.

This tableshowsthemissreductionof severalreplacementpoliciesfor 2-way and4-way 4-megabyteset-
associativesecondarycaches.Themissreductionis therandomreplacementmisseseliminatedby thepol-
icy. LRU is a secondary-cache-localleast-recently-usedreplacementpolicy. 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 randomreplacementexceptblockswith copiesin
theprimarycachearenot replaced.Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì

accesstime by about10%[HILL 87].) Theresultsarefor 4-megabytesecondarycaches.

Figure5.9 showsthatdirect-mappedsecondarycachesgavethe lowestSCPI for all tracesexcept
Mult1. The MPI reductionsof associativitywere not substantialenoughto overcomethe increased
latencyof the10%degradation.

If a 10% degradationis too large,what degradationcanbe afforded? Similar to the break-even
analysisfor cachesizedoubling,anotherway to look at theusefulnessof associativityis to calculatethe
accesstime implementationpenaltythat holdsSCPI constantwith increasingassociativity. This is the
break-evenaccesstime penalty,Tbreakeven, which canbecalculatedusingEquation5.1. Thequestionto
be answeredfor a 2-way associativecacheis: by how much can TmissICACHE and TmissDCACHE be
increasedwhentheassociativityis increasedfrom direct-mappedto 2-waysothatSCPI is not increased
asa result? This givesthe implementationleewayavailableto designersof a cacheof higherassocia-
tivity. An accesstime penaltylower thanthis valuewill give a lowerhigher-associativitySCPI.

Figure 5.10ashowsthe direct-mappedto 2-way Tbreakeven (in percentof the normal secondary
cacheaccesstime of ten cycles)for different cachesizes. Figure5.10bshowsa blowup of the same
resultsfor cachesizesof 1-megabyteor more. Figure5.10ashowsthe high break-eventimesthat pro-
vide large window of opportunity for associativityin the smaller secondarycaches.Since the 128-
kilobyte cacheis not a lot larger than the instructionand datacachesof 32-kilobyteseach,a higher
associativityis preferablewith the128-kilobytecache.



-- --

105

Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í

1 2 4
Associativity

1.
2

0.
2

0.
4

0.
6

0.
8

1
S

C
P

I

4-megabyte SCPI With 10% Degradation

Mult’s

Tv

Sor

Tree

Lin

Figure 5.9. Associativity Performance With 10% Speed Degradation.

This figure showsthe SCPI of 4-megabyteset-associativesecondarycacheswith a 10% degradationin
secondarycacheaccesstime (TmissICACHE andTmissDCACHE) for everydoublingof associativity.Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î

The break-evenpenalty vanisheswith increasingsecondarycachesize. Direct-mappedcaches
providegoodperformancewhenthecachesizeis largecomparedto thesizeof theCPUcache(s)closer
to theprocessor.Althoughassociativityeliminatesmanymisses,theMPI of thedirect-mappedcacheis
alreadyso low that the SCPI canonly bedecreasedby a small amount. In effect, therearedecreasing
associativityreturnswith increasingscale(cachesize). Theseresultsshowthat,for theseparameters,it
is probablynot worth anyextradesigneffort to implementa 16-megabyte2-wayset-associativecache
ratherthanadirect-mappedcacheof thesamesize.

Themultiprogrammedtraceshavebreak-evencurvesthataresmoothlydecreasingwith increasing
secondarycachesizein Figure5.10a. Note that traceswith theshorterprocessswitch intervals(Mult1
andMult2) tendto havelargerbreak-evenpenalties,particularlyfor thesmallestcaches.This is a result
of conflicts amongthe different processesusing the cache. More frequentswitching exacerbatesthe
conflicting accessesof different processes.Associativity can reduceMPI in the presenceof these
conflicts.

Sorshowsthe mostanomalousbehaviorin Figure5.10a. It hasnegativebreak-evenpenaltiesin
somecasesbecausethe MPI actually increases with associativity. This occursbecausedirect-mapped
cachesarethe bestfor referencepatternsthat loop [SMIG85]. Treeshowssmoothlydecreasingbreak-
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Figure 5.10a. Direct-Mapped to 2-Way Break-Even Implementation Penalties.

This figure showsthe direct-mappedto 2-way break-evenaccesstime penalty(Tbreakeven) for a rangeof
cachesizes.Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð

evenpenalties.Tv andLin both havebreak-evenpenaltiesthat aremaximal at an intermediatecache
size. This is abnormaland showsthat associativityis most advantageousat the intermediatecache
sizes,just like a cachesize doubling was most advantageouswith the intermediate-sizedcachesfor
thesetraces.

5.6.4. Inexpensive Associativity Implementations

Associativitycanbeexpensive.Sinceanyblock in a setmaybereferencedon a secondarycache
access,associativityrequiresa search.Traditionalassociativityimplementationsexecutethis searchin
parallel,asshownin Figure2.2 andFigure5.11: they readall cachetagsof a set in parallelandcom-
parethemagainstthe incomingtag. The requiredtagmemorybandwidthandcomparatorsarepropor-
tional to the associativity. Alternatively, inexpensive associativity implementationsrequire a
bandwidthof only asingletag[KEJL89]. Figure5.11depictsthis option. Inexpensiveimplementations
maybeappropriatefor secondarycachessincesecondarycachesareaccessedmuchlessfrequentlythan
primary caches,anda sloweraccesstime may be tolerable. Inexpensiveimplementationsprovidethe
reducedMPI of set-associativityat thesamecostasa direct-mappedcache.Thesloweraccesstime of
an inexpensiveset-associativityimplementationmay be tolerableif the cachemisspenaltyis largeor
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Figure 5.10b. Direct-Mapped to 2-Way Break-Even (Blow-up).

Thisfigureshowsa blowupof theresultsshownin Figure5.10a.Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò
sensitiveto increasedload,andif a traditionalset-associativityimplementationcannotbeafforded.

This sectionexaminesthe threeinexpensiveimplementationalternativesdescribedby Kessler,et.
al [KEJL89]. The first is a naive schemethat sequentiallyscansthe tagsin a setuntil it findsa match,
startingat a randomlocation. Figure5.12depictstwo improvedinexpensiveassociativityimplementa-
tions. Chang,et al., [CHCS87]describeanimplementationof theMRU scheme.It scansthetagsfrom
the most-recently-usedto the least-recently-used.Of course,the MRU schemerequiresinformation
abouttheorderingof theblocksto completeits scan.This MRU informationis similar (andperhapsthe
same)information requiredto implementthe LRU replacementpolicy21. The final schemeis called
partial match. Using a partitioningof the comparatorbits with a tag memoryaddressingtrick, it first
comparespiecesof eachtag with the correspondingpart of the incoming tag. In effect, the incoming
tag is partially compared to eachtag. Whenthepartial comparedoesnot match,the full comparewill
not match,so the tag neednot be further examined. Eachtag that partially matchedis subsequently
comparedto the incomingtag to find if thereis a full tagmatch. Whena partialmatchdoesnot give a
full tagmatch,it is calleda false partial match.
Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó

21. NotethattheMRU informationis local to thesecondarycache,aswith LRU in Section5.6.2.
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Figure 5.11. Implementing Set-Associativity.

Part(a) of thisfigure(top) showsthetraditionalimplementationof thelogic to find a hit or missin a A-way
set-associativecache. This logic usesthe set-indexing(‘‘INDEX’’) field of the referenceto selectoneT-
bit tag from eachof A banks. It compareseachstoredtag to the incomingtag(‘‘TAG’’). It declaresa hit
whena storedtagmatchestheincomingtag,a missotherwise.

Part(b) (bottom)showsa serial implementationof the samecachearchitecture.Herethe implementation
readsa storedtagsin a set from onebankandcomparesthemserially (the tagsareaddressedwith "IN-
DEX" concatenatedwith 0 throughA − 1).

Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ
To comparetheseschemes,this sectioncountsthenumberof probes requiredby each. A probeis

a readingof thetagor MRU memories.Becausethetraditionalassociativityimplementationhasa high
tagmemorybandwidth,it requiresonly a singleprobeto decidea hit or miss. In thebestcase,a naive
scanfindsa hit in thefirst entry,soit needsonly a singleprobe. In theworstcasefor a hit, or elsefor a
miss,naivemustprobethrougheachtagto makethehit/missdetermination.MRU requiresat leasttwo
probesin any casesinceboth the MRU andtag memoriesmustbe cycled: the MRU cycle selectsthe
MRUth block, andthenthe tag memorycycle comparesthe tags. In the worst casefor a hot, or for a
miss,MRU mustprobethe MRU memoryonce(at least),andit alsomustprobethe tagmemoryonce
for eachtag. Thepartial matchschemerequiresat leasttwo probesto find a match(onefor thepartial
compareand one for the full comparison),but a miss can be determinedwith only a single partial
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Figure 5.12. Improved Implementations of Serial Set-Associativity.

Part(a) of this figure(top) showsan implementationof serialset-associativityusingorderinginformation.
This approachfirst readsMRU orderinginformation (left) and then probesthe storedtagsfrom the one
most-likelyto matchto theoneleast-likelyto match(right). Note‘‘+’’ representsconcatenate.

Part (b) (bottom) showsan implementationof serial set-associativityusing partial compares.This ap-
proachfirst readsK (K = × T /AØ ) bits from eachstoredtagandcomparesthemwith thecorrespondingbits
of the incoming tag. In the secondstep, this approachserially comparesall storedtags that partially
matched(‘‘PM’’) with theincomingtaguntil it findsa matchor it exhauststhetags(right).

Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù
compareof all tags,providedthereareno falsematches.This is a significantadvantageof partial: it
requiresfew probesto find acachemiss.

Table 5.4 showsthe expectedprobes(assumingrandomtags) for the different schemesfor the
associativityA, andthe tagmemorywidth requirements.Theentriesshowthespeedsuperiorityof the
singleproberequiredby the traditionalassociativityimplementation,but it alsoshowsthehigh tagand
comparatorwidth requirementsneededto supportthis. For naive,the expectedprobesfor a hit is the
meanof thenumbers1, ..., A, sinceeachtag is equallylikely to hit. TheMRU 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

assumerandomtags,that is, that theprobabilityof a falsepartialmatchof K-bits is
2K

1Ú_ÚRÚ . Theexpected

partial probeson a hit includesthe minimum two probesplus thosedue to falsepartial matches:the

A − 1 non-matchingtagsfalsely matchwith probability of
2K

1Û_ÛRÛ , but only 1/2 of them will be probed

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

andA + 1 probeson a miss,but partial expectsonly a singleprobeplus
2K

AÜ_ÜRÜ probesfrom falsepartial

matches.
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Assoc- TagMemory Assume AssumeMethod iativity Width (bits) Hit Missà�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�àà�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à
A A × T 1 1

Traditional
4 64 1 1á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�áá�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á
A T (1/2)(A −1) + 1 A

Naive
4 16 2.5 4â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â
A T 1 +

i =1
Σ
A

i fi 1 + A
MRU

4 16 [2,5] 5ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã
A max(T, A × K) 2 +

2K +1

(A −1)ä¸ä�ä�ä�ä�ä 1 +
2K

Aåæå�å
Partial

4 20 2.05 1.13ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�çèè
èè
èè
èè
èè
èè
èè
èè
èè
èè
è

èè
èè
èè
èè
èè
èè
èè
èè
èè
èè
è

èè
èè
èè
èè
èè
èè
èè
èè
èè
èè
è

èè
èè
èè
èè
èè
èè
èè
èè
èè
èè
è

Table 5.4. Expected Probes of Associativity Implementations.

For variousassociativityimplementations,this tablegivesthe tagmemorywidth required,andtheexpect-
ed probesfor hits andmisses.The tableassumesT-bit tags(T = 16), K-bit partial compares(K = 5), and
the ith most-recently-usedtagmatcheswith probability fi ona hit.é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é

While Table5.4 showsthe expectedprobes,Table5.5 showsthe actualnumberrequiredfor dif-
ferentinexpensive4-wayset-associativecacheimplementations.Theresultsareonly for readrequests
to thesecondarycache.Theperformancefor write-backsis lessimportantbecausetheycanbedonein
thebackground,andbecausewrite-backcachelookupscanbeeliminatedif theprimarycachemaintains
a pointerindicatingwhere(within a set)a block residesin thesecondarycache(thewrite-backoptimi-
zationof [KEJL89]). Therequirednaivehit probesis preciselyasexpectedbecausethe traversalorder
is random,andthe total for hits andmissesis high. TheMRU hit probesareusuallylower thannaive,
andthey also tendto decreasewith cachesizebecausethe MRUth block in eachsetsatisfiesa larger
portion of the secondarycachereferences.The Sor, Lin, and Tv tracesare exceptionalwith MRU
becausetherearecaseswhereincreasesin cachesizedecreasetheprobability thathits comeearlyin the
MRU list, increasingthe requiredprobes. Loops in theseapplicationscausethis. Loops can make
MRU lesseffectivebecausethereis lesslocality.
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InexpensiveSchemeîïî�î�î�î�î�î�î�î�îïî�î�î�î�î�î�î�î�î�îïî�î�î�î�î�î�î�î�î�îïî�î�î�î�î�î�î�î�î�îïî�î�î�î�î�î�î�î�î�î

Trace Cache Naive MRU PartialMatch
Size Hits Total Hits Total Hits Misses Totalðìð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð�ð

Mult1 256K 2.50 2.75 2.33 2.79 2.06 1.13 1.90
1M 2.50 2.58 2.24 2.39 2.11 1.13 2.06
4M 2.50 2.54 2.09 2.18 2.16 1.12 2.13

16M 2.50 2.52 2.04 2.08 2.34 1.49 2.33ñìñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ�ñ
Mult1.2 256K 2.50 2.74 2.31 2.74 2.06 1.13 1.91

1M 2.50 2.60 2.22 2.40 2.11 1.13 2.04
4M 2.50 2.55 2.09 2.19 2.14 1.11 2.11

16M 2.50 2.52 2.04 2.09 2.34 1.48 2.33òìò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò�ò
Mult2 256K 2.50 2.69 2.38 2.71 2.06 1.13 1.94

1M 2.50 2.58 2.19 2.34 2.10 1.13 2.05
4M 2.50 2.55 2.07 2.16 2.15 1.13 2.12

16M 2.50 2.52 2.04 2.08 2.35 1.61 2.34óìó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó�ó
Mult2.2 256K 2.50 2.70 2.34 2.68 2.05 1.13 1.93

1M 2.50 2.59 2.18 2.35 2.09 1.12 2.04
4M 2.50 2.55 2.07 2.17 2.14 1.13 2.11

16M 2.50 2.52 2.04 2.08 2.34 1.65 2.33ôìô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô�ô
Tv 256K 2.50 2.77 2.74 3.14 2.03 1.07 1.86

1M 2.50 2.66 2.26 2.56 2.03 1.06 1.92
4M 2.50 2.63 2.06 2.32 2.02 1.04 1.94

16M 2.50 2.57 2.09 2.23 2.01 1.00 1.96õìõ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ�õ
Sor 256K 2.50 3.50 2.24 4.07 2.03 1.09 1.40

1M 2.50 3.40 2.36 3.94 2.02 1.02 1.42
4M 2.50 3.00 2.79 3.53 2.01 1.03 1.68

16M 2.50 2.60 2.34 2.52 2.00 1.00 1.93öìö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö�ö
Tree 256K 2.50 2.85 2.53 3.10 2.03 1.06 1.81

1M 2.50 2.63 2.33 2.56 2.04 1.04 1.95
4M 2.50 2.54 2.12 2.19 2.04 1.02 2.01

16M 2.50 2.52 2.03 2.07 2.05 1.01 2.04÷ì÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷�÷
Lin 256K 2.50 3.02 2.19 3.17 2.02 1.02 1.67

1M 2.50 2.99 2.09 3.04 2.02 1.00 1.68
4M 2.50 2.52 2.55 2.57 2.02 1.00 2.01

16M 2.50 2.51 2.02 2.03 2.05 1.00 2.05øìø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�øøìø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø�ø
Theory 2.50 [2,5] 2.05 1.13ùìù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ù�ùúú
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Table 5.5. Read Probes of Inexpensive Associativity Implementations.

For various4-way set-associativesecondarycaches,this tableshowsthe probesrequiredfor a secondary
cachereadaccess.It showsresultsfor Naivehits andtotal (hits + misses),MRU hits andtotal, andpartial
matchhits, misses,andtotal. The partial comparesof thevirtual tags,including PID’s, use5-bits andthe
improvedtransformationof [KEJL89]. This constantpartialcomparewidth maybeinappropriatesincethe
tagwidth maybe reducedwith increasingcachesize. The tableshowsthe expectedresults(theory) from
Table5.4at thebottom. Thebesttotal techniquefor eachrow is in Bold.û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û�û

Becausethe assumptionof randomtags is invalid with virtual tags, the 5-bit partial compare
resultsin Table5.5 sometimesdiffer from theexpectedresultsin Table5.4,eventhoughpartialhashes
the virtual addressbits to makethem more random. For the multiprogrammedworkloads,the small
cacheshavenearlytheexpectedperformance.For the largercaches,however,thepartial tagsfrom the
different addressspacesin the multiprogrammedworkloadstendto be similar becausemostprograms
usethe sameportionsof thevirtual addressspace,sopartial hasmorefalsematchesandrequiresmore
probesthanexpected.For the single-processworkloads,the partial tagsfrom the singleaddressspace
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are more likely to differ than random,so the requiredprobesare fewer than expected.This occurs
becausethe dispersionof a single,largely contiguous,addressspacethroughouta largecacheleadsto
differing tag valuessince sequentialvirtual addresseshave sequentialvirtual tag values. The non-
randomnessof thepartialcompareresultsfor thedifferentworkloadssuggeststhatoneshouldtakecare
when decidingwhich, andhow many,bits to usein the partial compares.Real tagswould likely be
morerandomthanthevirtual tagsusedhere(providedvirtual pagesarestoredin randompageframes),
soreal-tagresultsprobablywouldcloselyfollow thoseshownin Table5.4.

Partialdoesthebestfor all but the largest(16-megabyte)caches.Partial is faston misses,which
is important becausesecondarycacheshavehigher (local)missratios than do primary cachesof the
samesize. The superiorityof the partial techniquewith the smallersecondarycachesis evidencesup-
porting the importanceof fastmisses.MRU performswell for the largecachesbecausea largeportion
of thehits areto theMRUth block in thesecondarycache.This agreeswith theobservationsof Soand
Rechtschaffenon primarycaches[SORE88]. MRU is effectivewhenthereis locality of reference.It is
lesseffectivewhenthe secondarycacheis closein size to the primary caches,as in the 256-kilobyte
casein Table 5.5, becausethe primary cachestealsmuch of the locality from the secondarycache.
UnlessanMRU memorycanbemadeparticularlyfast,partialperformsbetterfor thesmallersecondary
caches.MRU is often betterfor the 16-megabytecaches,however. As the cachesizeincreases,MRU
cansuccessfullyextractlocality from the streamof primary cachemisses,so the numberof probeson
cachehits is low. Also, sincethe MPI of the largercachesis lower, the poorperformanceof MRU on
missesis lessimportant. If the partial comparewidth decreaseswith cachesize,asmay be the case,
MRU canbe evenmoreappropriatefor largercachessincethe partial performancewill be degraded.
On theotherhand,largertags,suchasthoserequiredfor 64-bit addresses,mayallow a partial compare
width of morethanfive bits. Then,partialmayagainbemoreappropriate.

5.7. Secondary Cache Block Size Alternatives

Anotherimportantcachedesignchoiceis theblock size. Sincethesecondarycachesarethesizes
that main memorieshavepreviouslybeen,one might mistakenlyexpectthat secondarycacheblock
sizesshouldbe thesizethatpagespreviouslywere. Theanalogyto main memorypagesdoesnot hold
becausethebackingstorefor thesecondarycache(mainmemory)is ordersof magnitudefasterthanthe
backingstorefor main memory(disk). Pagesizesshouldbe largerbecauseoncethe disk is accessed,
thereis only a small additionallatencyto bring in moredata. A largerblock sizewill typically reduce
theMPI becauseof spatiallocality [SMIT82], andit alsowill reducethetagmemoryrequirementsof the
cache. But sincemain memoryaccesstimesaremuchsmallerthandisk accesstimes,the cachemiss
time canbegreatlyincreasedwith a largerblock size. Furthermore,largerblocksrequiremorememory
bandwidth:if contentionfor memoryresourcesis a problem,smallerblock sizesmight be preferred.
Theoptimalblock sizeis in themiddle,betweenthehigherMPI with smallerblock sizesandthelarger
misspenaltyof largerblock sizes.

To measurethis effect,TmissSCACHE is a linear functionof theblock sizethat countsboth latency
(fixed) andtransfer time (variable)components,asin Smith’smodel[SMIT87]. Thefixed latencycom-
ponentis independentof theblock size.It countsthefixed latencycomponentof block transfer,suchas
reachingand cycling the main memory. The transfertime componentis directly proportionalto the
block sizeandcountsthetime to transfereachbyteof theblock. Theformulafor theblock sizelatency
modelis:
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TmissSCACHE = Tlatency + Ttransfer×B. (5.2)

Tlatency is the latencycomponent,Ttransfer is the transfertime requiredfor eachbyteof theblock, andB
is theblock sizein bytes.

The bestblock sizedependson the valuesof Tlatency andTtransfer. The architectureof the cache-
main memorycommunicationdecidesthesevalues. Ttransfer canbe reducedby loadingthe bytesof a
cacheblock in parallelratherthanserially [MATI89]. This mayinvolve havingmultiple memorybanks
operatein parallel,or havinga single,wider memorybank. Ttransfer alsocouldbereducedby complet-
ing thefetchof a block in thebackgroundafterfirst returningtherequesteddata. While Ttransfer maybe
changeable,it is more difficult to reduceTlatency sincea substantialportion of it is the main memory
accesstime.

Theequationfor theblock sizewith equallatencyandtransfertime is:

B =
Ttransfer

TlatencyüýüRüRüRüRüRü .

This block size is an importantdesignoption [PRZY90]. For smallerB, the latencycandominatethe
time for a cachemiss. Sequentialmemorylocationscouldbe loadedinto thecacheconsiderablyfaster
with a largerblock size. For larger B, the transfertime candominate. This can lead to poor perfor-
mancefor workloadsthat tendto referencesmall portionsof manydifferent cacheblocks. A designer
might choosethe block size wherelatencyequalstransfertime sincedatacan be retrievedfrom the
memory systemwith no more than twice the minimum time causedby either the fixed latency or
transfertime. This canensurethat theblock sizeis closeto optimal for workloadswhereeitherlatency
or transfertime (or both)is essentialto memorysystemperformance.

Figure5.13showsSCPI versustheblock sizewith Tlatency = 64 andTtransfer = 0.5 for the Mult1.2
trace(the latencyequalsthe transfertime at 128-byteblocks). It showsthat 64-byteblocks arebest
with thesmallercaches,128-byteblocksarebestfor a 1-megabytecache,and256-byteblocksarebest
for the 16-megabytecache(thoughit is hardto see). Cachecontentionin thesmallercachesmadethe
smallerblock sizesbetter;thesmallercacheswereunableto takeadvantageof enoughspatiallocality,
so a largeblock sizeresultedin significantamountsof unnecessarydatatransfer. In the largestcache,
the 256-byteblockswerethe bestsincetherewaslesscachecontention. The biggercachespreferred
the increasedtransfertimesof largerblocksso that the fixed latencycould be minimized. Exceptfor
thesmallestcaches,128-byteblocksperformquitewell with theMult1.2 workload,showingtheuseful-
nessof theheuristicequalizationof latencyandtransfertime.

To examinethe block size alternativesfor other workloads,Table 5.6 lists the SCPI of direct-
mappedsecondarycacheswith varying block sizes. The resultsshowthe sametradeoffbetweenthe
MPI reductionandunnecessarydatatransferof largerblock sizes. For smallercaches,smallerblocks
are preferred. As the cachesize increases,thereis lesscontentionso the fixed latencyof a memory
operationcanbeamortizedover largerdatatransfers:largerblockswill give lower SCPI’s. The lowest
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-megabytecache.

The multiprogrammedtraceshavesimilar behaviorswhile the uniprogrammedtraceresultsvary.
The Sor trace is especiallyinteresting. One might expecta scientific programto prefer large block
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Figure 5.13. Performance Over a Range of Block Sizes.

For theMult1.2 trace,this figureshowstheSCPI versustheblock sizefor a rangeof direct-mappedsecon-
darycaches.Tlatency=64andTtransfer=0.5.ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ�ÿ

sizes,particularlywhentraversingthroughlargearrays. Exceptfor the16-megabytecache,smaller32-
byteand64-byteblocksgive theminimum SCPI for Sor. TheSorsparsearrayrepresentationsresultin
lessspatial locality andcausethis preferencefor smallerblocks. However,sparserepresentationsdo
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 sizesrequiresmaller tag memories,a block size of 128-bytes
seemslike a reasonablechoice,preciselytheblock sizewherethe latencyequalsthe transfertime. On
the otherhand,if memorybandwidthandcontentionarea concern,a block sizeof 64-bytesmight be
preferred.

Theresultsin Figure5.13andTable5.6 agreewith the resultsof Smith [SMIT87] andPrzybylski
[PRZY90] in that the block sizewith leastSCPI is largely a function of the cache-mainmemorycom-
municationparameters.The secondarycachesize is a substantialfactor, but the SCPI-minimal block
size variessurprisingly little over cachesizesfrom 256-kilobytesto 16-megabytes(a factor of 64!).
Smallerblock sizesarepreferredwith smallercaches,but the SCPI-minimal size is usually no more
thana factor of two from the block sizewith equallatencyandtransfertimes(128-bytes).Exceptfor
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Cache SecondaryBlock Size(Bytes)Trace Size 32 64 128 256 512�������������������������������������������������������������������������������������������������
256K 0.61 0.56 0.60 0.74 1.05

1M 0.39 0.35 0.35 0.41 0.55
4M 0.28 0.25 0.24 0.26 0.30Mult1

16M 0.23 0.20 0.19 0.19 0.20�������������������������������������������������������������������������������������������������
256K 0.57 0.52 0.54 0.66 0.93

1M 0.37 0.33 0.33 0.37 0.48
4M 0.27 0.24 0.23 0.24 0.27Mult1.2

16M 0.21 0.19 0.18 0.18 0.18�������������������������������������������������������������������������������������������������
256K 0.58 0.53 0.55 0.65 0.96

1M 0.36 0.31 0.30 0.33 0.40
4M 0.27 0.23 0.22 0.22 0.25Mult2

16M 0.21 0.19 0.18 0.17 0.18�������������������������������������������������������������������������������������������������
256K 0.53 0.48 0.49 0.58 0.82

1M 0.34 0.29 0.28 0.30 0.37
4M 0.25 0.22 0.20 0.21 0.23Mult2.2

16M 0.19 0.17 0.16 0.16 0.16	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	�	
256K 0.91 0.90 0.98 1.34 2.00

1M 0.58 0.54 0.54 0.60 0.73
4M 0.49 0.45 0.44 0.46 0.50Tv

16M 0.35 0.34 0.33 0.34 0.36
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256K 1.95 2.08 2.72 4.24 7.47

1M 1.85 1.80 2.12 3.05 5.24
4M 1.39 1.18 1.19 1.47 2.17Sor
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256K 0.69 0.70 0.83 1.18 1.84

1M 0.46 0.42 0.45 0.56 0.80
4M 0.28 0.25 0.25 0.27 0.31Tree
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256K 0.27 0.22 0.22 0.20 0.21
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Table 5.6. Block Size Alternatives.

This tableshowsthe SCPI for direct-mappedsecondarycacheswith different block sizes. Tlatency=64 and
Ttransfer=0.5. TheboldentriesshowthelowestSCPI in eachrow.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

thesmallestsecondarycaches,the128-byteblock SCPI is neartheminimal SCPI.

TheSCPI-minimal block sizesarelargerthanthosefoundin [SMIT87], and[PRZY90]. For exam-
ple, Przybylski finds block sizesof 16-bytesto 32-bytesto be optimal for most caches.The smaller
cachesand different Tlatency and Ttransfer values consideredin those studiesare the causeof this
discrepancy.For the largeTlatency valuesandmulti-megabytecachesexaminedhere,secondarycache
block sizesof 64-bytesor 128-byteswerebetter.

5.8. Inclusion Design Alternatives

An importantdesignchoicewith multi-level cacheconfigurationsis whetherthe hierarchywill
maintain inclusion. For the two-level hierarchicalsystemexaminedin this dissertation,inclusion
implies that any memorylocation held in eitherof the primary cachesalso must be in the secondary
cache[BAEW88].
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Inclusioncanbeusefulwhenhardwaremaintainscachedataconsistentin thepresenceof external
accessesto the memory locations. In a uniprocessorsystem,inconsistenciesresult from writes to
cachedlocations by I/O devices. In a shared-memorymultiprocessor,inconsistenciesresult from
updatesof cachedlocationsby otherprocessors.Hardwaremonitorsresolvetheseinconsistenciesby
invalidating or updatingcachedlocationswhen necessary.When maintaining inclusion, a memory
locationthat is not in thesecondarycacheis alsonot in theprimarycache.Thus,if a secondarycache
invalidate(or update)wasunnecessary,it is guaranteed that a primary cacheinvalidate(update)also
will beunnecessary.Theeffectof inclusionis that thesecondarycachecanfilter out manyconsistency
operations,reducingthe communicationand interferencewith the primary caches.Without inclusion
maintenance,any consistencyoperationcould affect the primary caches,so all them may haveto be
passedon.

Inclusion is desirablefor hardwareconsistencymanagement,but it hasan implementationcost.
While it mayseemintuitively clearthata smallercacheshouldcontaina subsetof a largercache,inclu-
sionmaybenullified becauseof block size,associativity,andindexingdifferencesbetweentheprimary
andsecondarycaches.BaerandWangoutline the configurationrequirementsfor a restrictedform of
inclusion, where primary cachelocations would never have to be invalidated to ensureinclusion
[BAEW88,WANG89]. Unfortunately,the requirementsfor this form of inclusion are strict; often it
requiresextremelyhigh associativityin thesecondarycache.More generalcircumstancesoccasionally
requireprimarycacheinvalidationsto maintaininclusion.

Wang describedtwo invalidation techniques[WANG89]. Implicit inclusion invalidatesthe pri-
marycacheseachtime thesecondarycachereplacesa block. Explicit inclusioneliminatesall unneces-
saryprimary cacheinvalidationssinceit maintainsinformation denotingwhetherthe primary caches
hold a (perhapsdirty) copyof a replacedblock. Both techniquesguaranteeinclusionby invalidatingthe
primary cacheon secondarycachemisses. The differencebetweenthe two is that implicit inclusion
requiresan invalidation on every secondarycachemiss, while explicit inclusion executesonly the
invalidationsthatarerequired. Sincetheprimarycacheblock sizeis smallerthanthesecondarycache
block size,eachprimary block can hold only a portion of a secondaryblock. The extra information
neededby explicit inclusionis a valid bit (or two bits, oneeachfor the instructionanddatacaches)for
eachportionof eachsecondarycacheblock frame. Whenthevalid bits arenot set,asis oftenthecase,
primarycacheinvalidationsareunnecessarywhenasecondarycacheblock is replaced.

Table 5.7 showsthe frequencyof primary cacheinvalidationsrequiredby implicit and explicit
inclusion with 4-megabytesecondarycaches. Each primary cacheinvalidation applies to both the
instructionand datacaches.The implicit invalidation frequencyis simply four times the secondary
cacheMPI since there are four different 32-byte primary cacheblocks containedin each128-byte
secondaryblock; only someimplicit invalidationsactually removea primary cacheblock. Not all
secondarycachemissesrequire explicit invalidations; eachexplicit invalidation removesa primary
cacheblock. Forexplicit inclusion,Table5.7showsresultswith randomandinclusion-randomreplace-
ment. Inclusion-random(INCRAND) 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-
randomreplacementreducesthe secondarycacheMPI. Theseresultsshow that it also reducesthe
explicit inclusionprimary cacheinvalidationfrequency.This replacementpolicy is not anoption with
implicit inclusionbecausetheinclusioninformationis not available.
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Implicit ExplicitTrace Assoc. RAND RAND INCRAND���������������������������������������������������������������������������������������������������
1 2.924 0.214 0.214
2 2.205 0.056 0.007Mult1
4 2.062 0.035 0.000���������������������������������������������������������������������������������������������������
1 2.863 0.189 0.189
2 2.239 0.051 0.005Mult1.2
4 2.116 0.035 0.000���������������������������������������������������������������������������������������������������
1 2.516 0.185 0.185
2 2.062 0.048 0.004Mult2
4 1.992 0.033 0.000���������������������������������������������������������������������������������������������������
1 2.426 0.169 0.169
2 2.025 0.045 0.004Mult2.2
4 1.957 0.031 0.000���������������������������������������������������������������������������������������������������
1 7.588 0.162 0.162
2 7.046 0.050 0.002Tv
4 7.041 0.044 0.000���������������������������������������������������������������������������������������������������
1 29.616 0.263 0.263
2 30.630 0.191 0.005Sor
4 31.626 0.179 0.000���������������������������������������������������������������������������������������������������
1 2.533 0.142 0.142
2 1.944 0.028 0.001Tree
4 1.859 0.021 0.000���������������������������������������������������������������������������������������������������
1 0.405 0.025 0.025
2 0.232 0.003 0.000Lin
4 0.143 0.001 0.000������������������������������������������������������������������������������������������������������
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Table 5.7. Implicit and Explicit Inclusion Invalidate Frequency.

This tableshowsthe frequencyof implicit andexplicit primary cacheinvalidatesfor randomreplacement
(RAND) andinclusionreplacement(INCRAND). Theprimarycachesaresplit direct-mapped32-kilobyte
with 32-byteblocks. The secondarycacheis 4-megabyteswith a block sizeof 128-bytes. INCRAND is
randomreplacementexceptit replacesblockswith copiesin theprimarycacheonly whenthereis no other
choice,asin Table5.3.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

The resultsin Table5.7 showthat the invalidation frequencyis much lower with explicit inclu-
sion. This agreeswith Wang’s results for smaller caches[WANG89]. Although secondarycache
replacementis infrequent,requiredinvalidationsare at least an order of magnitudemore rare, and
inclusion-randomreplacementalmost eliminates them. With associativity and inclusion-random
replacement,invalidationsareextremelyraresincethesecondarycacheis so largecomparedto thepri-
mary caches. There are considerablymore explicit invalidationswith the direct-mappedsecondary
caches.Direct-mappingincreasesthe likelihood of a primary cacheinvalidationcausedby conflicting
secondarycacheblocks.

Sincea primary cacheblock may be dirty, primary cacheinvalidationsmay haveto be executed
before the secondarycachereplacesa block. Consequently,the extra implicit invalidations may
increaseTmissSCACHE andSCPI. Explicit inclusioneliminatesmanyinvalidations,but maintainingthe
extrainclusioninformationcanbecostly. For it to beprecise,the informationshouldbeupdatedeach
time a block is replacedor loadedfrom a primary cache. This meansthat explicit inclusion may
increaseTmissICACHE andTmissDCACHE, andconsequentlyalsoincreaseSCPI.
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Maintaining hardwareinclusion hasa cost, for one thing a more complex implementation,and
also perhapsa higher SCPI. For multiprocessorswith sophisticatedhardwarecache consistency
mechanisms,inclusionmay be necessary.For uniprocessors,however,it may be moreappropriateto
maintaincacheconsistencyin software. The operatingsystemcan invalidatecachedlocationswhen
thereis a potentialconflict. Then,if memoryaccessedby I/O or otherdevicesis not in thecache,there
canbe no inconsistencies.Providedthat softwareinvalidationsarefast, softwareconsistencymainte-
nancecanimprovesystemperformanceandreducehardwarecomplexity. If softwareinvalidationsare
too slow, or if they haveto be executedtoo often becausethe operatingsystemmust conservatively
invalidate,hardwareinclusionandconsistencymaybeabetteralternative.

5.9. Conclusions

This chapterdiscussesthe motivation for multi-megabytesecondarycachesandanalyzesdesign
tradeoffsin theselarge caches.The two key trendsdiscussedin Chapter1 motivatemulti-megabyte
caches:increasingprocessorspeedsandlargermain memories.Without anadequatecache,fasterpro-
cessorsmaywait for mainmemorytoo oftenbecauseeachmainmemoryaccesstakestoo long. Multi-
megabytecachesare more essentialwith fasterprocessorsbecausethey eliminatemuch of the main
memory accesspenalties. The bigger workloadsthat come with faster processorsand larger main
memoriesevenfurthermotivatemulti-megabytecaches;Smallercachesmay not havehigh enoughhit
ratios with theseworkloads. CPU cachehierarchiescombinethe fast accesstime of a smallercache
with thestoragecapabilitiesof a multi-megabytecache.A multi-megabytesecondarycacheallowsthe
hierarchyto satisfymemoryrequestsat processorspeeds,evenwheneachmain memoryaccessis 100
cyclesor more.

Severalfactorsdeterminethebestsizefor a secondarycache.As thecachemisstime increases,a
largercachesizeis neededfor goodperformance.Theresultsof this chaptershowthatmulti-megabyte
cachesreducethe SCPI of smallercaches,evenif eachcachesizedoublingincreasesthe cacheaccess
time by 10% or more. The targetworkloadof the systemis alsoan importantfactor in the cachesize
choice. Oneworkloadmay performwell with onecachewhile anotherdoesnot. Largercachesgive
goodperformancefor awidervarietyof applications.

Associativityis anothermajordesignconsideration.This chaptershowsthatanassociativitydou-
bling improvesdirect-mappedmulti-megabytecacheperformancelessthana cachesizedoublingdoes,
which differs from the 2:1 rule that sayseachdoubling shouldhaveaboutthe sameeffect in smaller
caches.This chapteralsoshowsthathigherassociativityis particularlyusefulonly whenthesecondary
cacheis not a lot larger than the primary caches.Direct-mappingperformsvery well for the largest
secondarycaches;associativityincreasesin the largestsecondarycachesmay not be justified if they
causeany increasesin designtime, accesstime, or cost. This chaptershowsthatLRU reducesMPI for
mostworkloads. Theincreasedcomplexityof LRU maynot beworthwhile,however,sincesomework-
loadsdo not benefitmuchfrom it. This chapteralsoshowsthat thepartialmatchtechniquelookslike a
primising inexpensiveassociativityimplementation,especiallyfor thesmallersecondarycaches.MRU
alsoperformswell for thelargestsecondarycaches.

This chapterfindsthatblock sizesof 128-bytesperformwell for the tracesandparametersin this
study,validating a designchoiceof equallatencyand transfertimes that previousstudieshaveadvo-
cated. TheSCPI-minimal block sizeis oftenwithin a factorof two of the128-byteblock size,andthe
128-byteSCPI is usuallyneartheminimum SCPI. This emphasizesthat thebestblock sizefor a given
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cacheis heavily dependenton the parametersof the cache-mainmemoryintercommunication.Larger
fixed latenciesimply that largerblocksarepreferredwhile largertransfertimesimply thatsmallerblock
sizesare preferred. Multi-megabytesecondarycachesprefer bigger blocks becausethey can better
exploit spatiallocality andmitigatefixed latenciessincetheyhavelesscontentionfor cachelocations.

Inclusionsimplifiesa hardwareconsistencymechanism,but its costcanbehigh, both in termsof
implementationcomplexity and SCPI increase.Cachereplacementdecisionscan significantly affect
thenumberof theprimarycacheinvalidationsneededto enforceconsistency.
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Chapter 6

Page Placement Algorithms for Real-Indexed
Caches

6.1. Introduction

This dissertationchapterexposesthe affect of virtual memory pagemappingon real-indexed
multi-megabytecacheperformance.The associativitydifferencebetween(virtual memory) address
translationand(set-associative)cacheset-indexingimplies that the pageplacement(or pagemapping)
in themainmemorydeterminesthedataplacementin a real-indexedmulti-megabytecache.Figure6.1
showsthe combinedstages(both virtual memoryandcache)that index a virtually addressedmemory
location into a multi-megabyteset-associativecache. Multi-megabytecachesrequire so many set-
indexingbits thatsomeof themmustcomefrom abovethepageboundary.This createswhatarecalled
cachebins. The upperindex bits that comefrom abovethe pageboundaryare the bin index and the
groupof setsthat they selectis a bin22. Addresstranslationselectscachebins only whena cacheis
both largeandreal indexed:small cacheshaveno binsbecausetheyget their indexbits from belowthe
pageboundary,andvirtual-indexedcachesgetall their indexbits directly from thevirtual address.

Multi-megabytesecondarycachesare likely to be real indexedbecausethe addresstranslation
costof real indexingcanbesmall enoughin secondarycachesthat thebenefitsof real indexingexceed
its cost[TADF90,WABL89]. Thepreviouschaptersdo not considerreal-indexedcaches;instead,they
usevirtual-indexedcaches(with PID-hashing)to approximatereal-indexedcaches.This chapterexam-
inesthedifferencesbetweenvirtual-indexedcachesandreal-indexedones,anddetermineshow closely�������������������������������

22. Figure6.1 depictsbins thatarefour cachesets. Note that the superset of Goodman[GOOD87] is dif-
ferentfrom abin. Piecesof asupersetspanall bins.
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Figure 6.1. Virtual Memory and Set Indexing Interaction.

This figure showstranslationstagesthat index a virtually addressedmemory location into a large set-
associativeCPUcache.Thecachetakesindexbits directly from thevirtual addressfor a virtually-indexed
cache,andit takesthebits from the real addressfor a real-indexedcache. Any of the A (A is theassocia-
tivity) cacheblock framesin the setchosenby the index bits cancontainthe addressedmemorylocation.
Thischapteronly considersmulti-megabytecacheswith bit-selectionindexing[SMIT82].!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!�!

virtual-indexedcacheperformanceapproximatesreal-indexedperformance.The pagemappingcan
greatlyaffect real-indexedmulti-megabytecachebehaviorbecauseaddresstranslationplaceseachpage
in any of a hundredor evenseveralthousanddifferent cachebins. A poor pageplacementreduces
real-indexedmulti-megabytecacheefficiencybecauseit overutilizessomecachebinsandunderutilizes
others. This chapterexaminesthe interactionof pageplacementwith real-indexedmulti-megabyte
caches,and developssoftwaretechniquesthat avoid poor pagemappings,and consequentlyincrease
hardwarecacheperformance.

6.1.1. Previous Work

Fewpreviousstudiesexaminethepagemappingreal-indexedcacheperformanceeffectbecauseit
is only recently that real-indexedcacheshave startedtaking set-indexingbits from abovethe page
boundary. Sites and Agarwal [SITA88] comparethe performanceof virtual-indexedcachesto real-
indexedcaches. They find that real-indexedcachesperform worse than the correspondingvirtual-
indexedcacheson thesameworkloadsunlessthereis frequentcontextswitching.

Only a few systemsoptimize the pagemappingfor cacheperformance.In the Sun 4/110, the
operatingsystemmapsinstructionpagesanddatapages[KELL90] to evenandoddpageframesto parti-
tion theinstructionanddatareferencesinto the4/110’sSCRAM cache[GOOC84]. MIPS usesa variant
of Page Coloring, describedin Section6.3, to improveandstabilizeits real-indexedcacheperformance
[TADF90].

Manystudiesoptimizetheaddressingof programswith compileror user-leveloptimizations.Fer-
rari [FERR76] surveysmany schemesto improve virtual memory performanceby referencingfewer
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pages.Stamostries similarly to clusterobjectsand improve virtual memoryperformance[STAM84].
McFarling [MCFA89] and Hwu and Chang[HWUC89] introduceschemesto scattercommonly used
instructionsacrossdirect-mappedcachesto reduceinstructioncachemisses.Cacheperformancealso
improveswith algorithmmodificationssuchasmatrix blocking [LARW91]. This chapterinsteadintro-
duces improvementsto the operating system memory managementsoftware. Though the virtual
memoryreferencescannotbemodifiedby thememorymanagement,therealaddressescan.

6.1.2. Contributions of this Chapter

This chapterexaminesthe softwarepageplacementeffect on multi-megabytereal-indexedcache
performance.It developssoftwarepageplacementalgorithm improvementsthat can increasemulti-
megabytereal-indexedcacheperformance.The trace-drivensimulationresultsof this chaptersuggest
that thesesoftwarepageplacementimprovementscan makea hardwaredirect-mappedcacheappear
about50%larger,at nohardwarecost.

The improvedplacementalgorithmsarecalledcareful page mapping algorithms. They aresmall
modificationsto the existing operatingsystemvirtual memory managementsoftware that improve
dynamic cacheperformancewith betterstatic pagebin placementdecisions. Most operatingsystems
map(place)newpagesinto themain memoryby selectingfrom a pool of availablepageframes. Nor-
mally the operatingsystemselectsanarbitrarypageframefrom the pool, probablythe first onethat is
available. In the terminologyof this chapter,this arbitraryselectionis calledrandom (or naive)page
mappingbecausethe operatingsystemdoesnot know (or care)where it placesthe pagein the main
memorywhen it choosesan availablepageframe. Careful pagemappingalgorithmsdon’t just map
pagesto arbitrarily availablepageframes. Instead,whenthepool allowssomemappingflexibility, they
chooseoneof the availablepageframesin the pool that bestsuitssomesimplestaticcachebin place-
ment heuristics. Thesealgorithmsare low overhead,particularly since they may only executeonce
wheneachpageis mapped,while they may improvecacheperformanceeachtime the processorrefer-
encesthepages.

Section6.2 motivatesthestaticimprovementsthat thesecarefulmappingalgorithmsrely on, first
qualitatively,thenquantitatively. It first showshow the operatingsystemcanimprovestaticpagebin
placement,andextractmanyof theadvantagesof virtual-indexedcaches.A simplestaticanalysisthen
showsthepotentialcarefulmappingstaticimprovements:asmanyas30%of thepagesfrom anaddress
spaceare unnecessarilyin conflict in a direct-mappedcachewhen using random mapping. This
analysisalsocorrectlypredictsthat thelargestgainfrom carefulpagemappingcomeswhenthecacheis
direct-mapped.

Section6.3 describesPageColoring and introducesseveralmore careful pagemappingalgo-
rithms. Page Coloring matchesthereal-indexedbin to its correspondingvirtual-indexedbin. Bin Hop-
ping placessuccessivelymappedpagesin successivebins. Best Bin selectsa pageframefrom the bin
with the fewestpreviouslyallocatedandmostavailablepageframes. Hierarchical is a tree-basedvari-
ant of BestBin that executesin time logarithmicof the numberof bins,andis cachesizeindependent
(i.e. it improvesstaticplacementin manydifferentcachesizessimultaneously).

Section6.4 usestrace-drivensimulationsimulationresultsto showthat the static bin placement
improvementsof thesepolicieseliminatecachemisses.It showsthat carefulpagemappingeliminates
10-20% of the direct-mappedcachemissesfrom the Chapter3 traces. This is about half of the
improvementfrom eitherdoublingthesizeor theassociativityof adirect-mappedcache.
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Section6.4 correlatesthe dynamiccachemiss reductionswith static pageplacementimprove-
ments. It alsocomparestheperformanceof thedifferentcarefulpagemappingimplementationsfor one
multiprogrammedtrace. This comparisonshowsthatBestBin eliminatesthe mostmissesbut that Bin
Hopping and Hierarchical also perform well with a large pool of available page frames,and that
Hierarchical’ssize-independenceoptimizesfor manycaches.Section6.4 thenshowsthatvirtual index-
ing (with PID-hashing)optimistically estimatesreal-indexedcacheperformance,that carefulmapping
is effectiveovera rangeof pagesizes,andthata pool of availablepageframesthat is too large(relative
to themainmemorysize)cancausemorepagemisses.

6.2. Motivation for Careful Page Mapping

This sectionmotivatesthe carefulpagemappingalgorithmsby demonstrating,first qualitatively
andthenquantitatively,the potentialstatic real-indexedpageplacementimprovementof carefulmap-
ping overrandommapping.

6.2.1. Page Placement in Cache Bins

To fully understandhowto improvereal-indexedcachepageplacements,it is usefulto first under-
standhow (andwhy) virtual-indexedcachescanperformbetterthanreal-indexedones. Theplacement
of a pagein a virtually-indexedcachebin dependsonly on the placementof the pagein the virtual
addressspace.Figure6.2 depictsa typical virtual addressspaceandits virtual-indexedbin placement.
The code area,holding the (read only) executableinstructions,residesin the lower portion of the
addressspace,followed by thedataarea,a modifiableworking spaceof theprocess.Theprocedurecall
stackgrowsfrom thetop of thevirtual addressspacedownward,andthereis a wide separationbetween
the stackanddataareas.The lowestaddressis zeroandthe highestaddressbits areall ones. Thevir-
tual indexingin Figure6.2placesthecontiguouscodeanddatapagesin thelower bins,andit placesthe
stack pagesin the upper bins. The addressspaceis large enoughin this exampleso that the data
addresseswrap around, andtwo pagesindexto somebins. Sincevirtual indexingplacessequentialvir-
tual pagesin sequentialcachebins [SITA88], virtual addressspacesthat havecontiguously-allocated
pageswill evenlyutilize thecache.

Real indexing is muchdifferent from virtual indexingsincethe addresstranslationshownin the
shadedareaof Figure6.1determinesbin placement.Sincethemappingof pagesto pageframesis usu-
ally fully associative,theremay be no relationshipbetweenthe real-indexedcachebin placementand
the virtual addressof a page. Oncethe operatingsystemplacesa pagein a pageframe,the pagewill
index to thebin determinedby thebottombits, or bin bits, from thepageframenumber. If theoperat-
ing systemignoresthe valuesof thesebits whenit mapsvirtual memorypagesto main memorypage
frames,addresstranslationwill causecachebin randomization.Figure6.3 depictsan exampleof this
randomizationon the left, wherepagesfrom theaddressspacein Figure6.2 arerandomlyplacedin the
real-indexedcache.

The left (random)placementin Figure6.3 is poor becauseit putsmanypagesin the samecache
bins, wherethey competefor the samecachelocations. Competitionis undesirablesinceit cancause
more cacheconflict misses [HILS89]. Careful pagemappingpolicies can producepageplacements
more like the right side of Figure 6.3 than the left, so that cachebins are evenly utilized and many
unnecessaryconflict missesareeliminated. Virtual indexingmay havemoreevenbin utilization than
randomreal-indexing,but a carefulpageplacementmakesa real-indexedcacheperformmoreclosely
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Figure 6.2. A Virtual-Indexed Bin Placement.

This figureshowsa placementof thepagesfrom a virtual addressspacein a virtually-indexedcache.The
pageshorizontallystackedin a bin aretheonesthatthevirtual-indexingindexesto thebin.#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#�#

like avirtual-indexedonebecauseit moreevenlyutilizesthecachebinslike virtual indexingdoes.

6.2.2. A Simple Static Page Conflict Analysis

The differencein the two mappingsin Figure6.3 showsthe possiblestatic placementimprove-
mentsof carefulpagemappingvisually. This sectiondevelopsa simplemodelto measurethepotential
improvementsquantitatively. The metric calculatedby the model is page conflicts, C, which is the
numberof pagesin thecachebinsabovethecacheassociativity(A). OncetherearemorethanA pages
in a bin therecan be cachecontentionbecausethe cachecan only storeA cacheblocks in eachset.
Thus,whenu pagesland in a cachebin, therearesaidto bemax (0, u − A) pageconflictsfor thatbin23,
andthe total conflictsin a pagemappingis the sumof the conflictsfrom all thepagesin eachbin. As
anexample,with a direct-mappedcachetherearesix conflictsin theleft placementof theaddressspace
shownin Figure6.3,andtherearefour conflictsin theright placementof thesameaddressspace.Simi-
larly, therearethreeandzeroconflictsfor a2-wayset-associativecache.

$�$�$�$�$�$�$�$�$�$�$�$�$�$�$�$
23. This chapterusesu-A ratherthanu becauseit morecorrectlypredictsthemagnitudeof theconflict. If

u wasusedinstead,thenconflictswould beminimizedby first filling thecache(placingA pagesin eachbin)
and then placing all the rest of the pagesin a single bin; it is unlikely that this mappingwould minimize
dynamiccachemisses. Similarly, with many pages,static conflicts would be maximizedwhen the pages
wereevenlyspreadacrossthecache;thiswouldmuchmorelikely minimizethanmaximizedynamicmisses.
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Figure 6.3. Random and Careful Real-Indexed Bin Placements.

This figureshowstwo placementsof thesameaddressspacein Figure6.2 into a real-indexedcache. The
left bin placementmight result from randommappingandthe right onemight bea carefulmapping. The
horizontallystackedpagesare the (competing)onesthat the virtual to real addresstranslationindexesto
thesamebin.&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&�&

The averagepageconflicts from randommappingscan be calculatedto quantify the potential
staticmappingimprovementof carefulpagemapping. The numberof bins of a set-associativecache,

B, is the cachesize in pages,N, divided by the cacheassociativity,A: B =
A
N'(' = 2depth, wheredepth is

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

pageframes(i.e. the main memory). ThereareP availablepageframes,andexactly
B
1)*) P (an integer)

pageframesarein eachof theB bins. A hypergeometricdistributiongivestheprobability thatexactlyu
of theU pagesrandomlyfall in oneof theB bins[M ILF77]:

P (u in bin) =
(U

P)
(

u
B
1+,+ P)(

U − u
B

(B − 1)- -(-(-(-(-(- P).�.(.(.(.(.(.(.(.(.(.(.(.(.(.(.(.(.(. . (6.1)

Thebinomialcoefficient

(b

a) =
(a − b)! b !

a !/(/(/(/(/(/(/(/(/
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representsthenumberof waysto chooseb elementsfrom a elements(without replacement).

WhenP is large,thehypergeometricdistributionin Equation6.1 canbeapproximatedby a bino-
mial distribution24:

P (u in bin) = (u
U)(

B
10,0 )u(1−

B
11*1 )U−u . (6.2)

For manyrealisticcases,P is sufficientlycloseto infinity thatEquation6.2 is thesameasEquation6.1,
soit maybeusedbecauseit is simpler.

Equation6.3 calculatesthe expectedconflictsof a randomplacementof U pagesusingEquation
6.1(Equation6.2alsocouldbeused):

Cavg = B
u = A + 1

Σ
min (

B
P2 232 , U)

(u − A)P (u in bin). (6.3)

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 becausetheygaugethepotentialstaticconflict varia-
bility of different placements.The maximumconflicts in a placementof U pagesinto a real-indexed
cache,C max, is:

C max = U − A

445
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B
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where

?@@
U

P
BA,A

BDCC
is theminimumnumberof binsthat theU pagescanbeplacedin. Thecomplexityof this

equationoccurssinceit may not bepossibleto placeall U pagesof anaddressspacein a singlecache
bin whenP is finite. As P→∞ Equation6.4simplifiesto

C max = max (0, U − A)

sinceall U pagescanbeplacedin thesamebin. Theminimum conflicts,C min, occurswhenthe pages
of theaddressspaceevenlydistributeacrossthebinsof thecache,so

C min = max (0, U − N). (6.5)

Figure6.4 plots Cavg andits boundsfor variousaddressspacesizes(U). (Note that the address
spacesizeis thenumberof pagespagesreferencedin anaddressspace.)In theworstcase,theoperating
systemplacesall pagesin thesamebin, soC max is linearwith theaddressspacesize. In thebestcase,
theoperatingsystemevenlyutilizes thecache,sono conflictsoccuruntil thecacheis full of pages,and
theneachadditionalpageaddsanewconflict.

Figure6.5 illustratesthe differencebetweenCavg andC min moredramaticallyfor direct-mapped,
2-way, and 4-way set-associativecaches. It plots the random conflicts less the minimum, or theE�E�E�E�E�E�E�E�E�E�E�E�E�E�E�E

24. Both ThiebautandStone[THIS87]andAgarwal,et al. [AGHH89], alsousebinomialdistributionsfor
similar analysis.
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Figure 6.4. Cache Placement Conflicts.

This figure showsCavg, Cmax, andCmin (ascalculatedby Equations6.3, 6.4, and6.5) for variousaddress
spacesizes(U). Themodeledsystemis a 1-megabytedirect-mapped(A = 1) cache(N = B = 64) backedup
by a 128-megabytemainmemory,with a pagesizeof 16-kilobytes.G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G�G

mappingconflicts(Cavg − C min), which is the potentialstaticconflict savingsof carefulpagemapping.
While randompagemappingwould averageCavg conflicts,a carefulmappingof thepagescouldreduce
the conflictscloseto C min. The figureshowsthat asmanyas30%of the pagesfrom anaddressspace
areunnecessarilyin conflict with randommapping. This is the potentialstatic improvementavailable
to carefulmapping.

Figure6.5 showsthat the mappingconflictsaremaximizedat the point wherethe addressspace
sizeequalsthe cachesize. This indicatesthat the largestpotentialgain from carefulmappingis when
the (active)addressspacesize is aboutequalto the cachesize. Otheraddressspacesalsowill benefit
from carefulmapping,but this is thebestcase.Whenthecacheis underutilizedor highly utilized,care-
ful mappingbecomeslessusefulandnecessarybecauseit canremovefewerconflicts.

Figure 6.5 also showsthat Cavg − C min decreaseswith increasingassociativity. This showsthat
carefulmappingis mostusefulwith a direct-mappedcache. In theextremecase,carefulmappingcan-
not helpfully-associativecachesbecausetheyhavenomappingconflicts.

Considerthe peakvaluesof the curvesin Figure6.5. This value is interestingbecauseit shows
thepotentialof carefulmappingfor a givencache.If a simplecomputationcoulddeterminethis value,
it wouldbeaneasyway to learnthemaximumpotentialof carefulmappingfor agivencache.

Let max (Cavg − C min) be the valuefor Cavg − C min whenU = N = B×A andP → ∞ (Equation6.2
is usedratherthanEquation6.1). It canbeshownthat

B→∞
lim

N

max (Cavg − C min)H�H(H(H(H(H(H(H(H(H(H(H(H(H(H = e −A

u=0
Σ

A−1
(A−u)

u !
A u−1IJI(I(I(I (6.6)

wheree is thenaturalexponential[ELLG82]. For direct-mappedcaches,this is simply e −1. This means
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Figure 6.5. Random Mapping Conflicts.

This figureshowsthedifferencebetweentheconflictsresultingfrom a randommappingandtheminimum
conflicts, the mappingconflicts (Cavg − Cmin), for different addressspacesizesand cacheassociativities
(A = 1,2,4). The configurationis a 128-megabytemain memoryin 16-kilobytepageswith a 1-megabyte
cache(N = 64,B = N/A).L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L�L

that up to e −1, or 36.7%,of pagescan be unnecessarilyin conflict in large cacheswhen the main
memorysizeis large. An empirically foundclosed-formapproximationof Equation6.6 is:

N

max (Cavg − C min)MNM(M(M(M(M(M(M(M(M(M(M(M(M(M ∼∼ Ae −(log2(A) + 1). (6.7)

This formula is extremelysimple,yet it containsmuchusefulinformation. Table6.1 lists actualmax-
imum conflict fractions for various configurations,and comparesthem to the estimationsgiven by
Equation6.6andEquation6.7.

In general,theapproximationsareaccurate.Both Equation6.6 and6.7 consistentlyoverestimate
theactualmaximumfractionof conflict pagesovertherangeof cachesstudied. Equation6.6 is slightly
moreaccuratethanEquation6.7, the empirical equation. Both approximationsaremore accuratefor
thelowerassociativities.

Usually, the simple closed-formformula given by Equation6.7 is a good approximationof the
maximumaveragestatic mappinggain from careful mapping. Sinceit dependsonly on the associa-
tivity of the cache,it showsthat the usefulnessof carefulmappingis moredependenton associativity
thanthecachesize,pagesize,or mainmemorysize.

6.3. Careful Mapping Implementations

This sectionpresentsfour carefulpagemappingimplementationsthat try to realizethe potential
improvementsshownin theprevioussection. Thecarefulmappingalgorithmsuseanypool of available
pageframesto utilize the cachebins morefully andminimize the cachecontentionby the pagesfrom
multiple addressspaces.Theydo not requirea pool for correctness,but only to give betterplacements.
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Equation6.6 Equation6.7B A Actual Value Error Value ErrorR R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R�R
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 7.3% 0.15 12.7%
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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%
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Table 6.1. Maximum Conflict Fraction Approximations.

This tablecomparesthemaximumfraction of mappingconflict pagesapproximationsin Equation6.6 and
Equation6.7 with actualvalues(ascalculatedby Equation6.3 with U = N = B×A). The ‘‘actual’’ datain
this tablecorrespondsto a 128-megabytemain memorywith 16-kilobytepages(P = 8192). The top half
correspondsto a 1-megabytecacheandthebottomhalf correspondsto a 4-megabytecache.V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V�V

Of course,a careful page mapping algorithm should preferably producebetter placementswith a
smallerpool. That way, carefulmappingis moreadaptableto all pools,small or large,andit canpro-
ducestaticmappingimprovementswith minimal pagereplacementeffects(perhapsnone).

Thealgorithmsmostimportantlyminimize intra-address-spacecachecontention,andonly secon-
darily dosomeof themtry to minimize inter-address-spacecontention25. Theyimprovethepageplace-
ment of a single addressspacein a (unified) multi-megabytereal-indexedcachebasedsolely on the
staticcriteria shownin the previoussection;they do not useany dynamicreferencinginformation for
placementimprovements26. Section6.4 showsthat the static placementimprovementsof thesealgo-
rithmseliminatemanydynamiccachemisses.

6.3.1. Page Coloring

The simplestway to mappagescarefully is to force a real-indexedcacheto work asif it werea
virtual-indexedcache.This is calledPage Coloring. MIPS usesa variantof it [TADF90]. PageColor-
ing minimizescachecontentionbecausesuccessivevirtual pagesdo not conflict in a virtual-indexed
cache,andmostlycontiguousaddressspacesthataresmallerthanthecacheoftenindexinto cachebins
without conflict. Given the complexityof currentmemorysystems,the simplicity of PageColoring is
desirable.Thepagemappingfunctionsimply (equality)matchesthebin bits of a virtual pageto a real
pageframe. Whenit cannotfind a pageframethat matchesthe bits, it choosesany pageframe,prob-
ably thefirst available. Figure6.6 showsa codefragmentthatcouldbeusedto implementPageColor-
ing. The Careful_Coloring() function choosesthe bin eachtime PageColoring mapsa page.
Not shownaremoredifficult portionsof thememorymanagementcodethatwould extractanavailableW�W�W�W�W�W�W�W�W�W�W�W�W�W�W�W

25. Intra-addressspaceconflictsarelikely to causethemostcachemissesin futureprocessorsthatexecute
hundredsof thousands,or evenmillions, of instructionswithin a singleaddressspacebeforeeachprocess
switch.

26. Static placementdecisionsare appropriatebecausedynamic information, suchas cachereferences
(misses)or pagereferences(faults),maynotbeavailableto thepagemapper.
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VALUE free[NUMBER_BINS];

BINTYPE Careful_Coloring(vp, pid)
VIRTUALPAGE vp;
PIDTYPE pid;
{

BINTYPE bin;

bin = vp % NUMBER_BINS;

if(free[bin] > 0)
return(bin);

else
return(BIN_OF_ANY_AVAILABLE_PAGE);

}

Figure 6.6. Bin Choice Code for Page Coloring.

This figureshowsa ‘‘C’’ codefragmentto implementPageColoring. Careful_Coloring() places
a pagein a bin, given the virtual page,vp, to be mapped.The free arraycontainsthe 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 couldbe the
bin of anyarbitraryavailablepage.Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y�Y

More sophisticatedPageColoring implementationsare better. As Figure 6.6 showsthe imple-
mentation,PageColoring placescommonlyusedvirtual addresses(like the stack,for instance)from
differentaddressspacesin thesamereal-indexedcachebins,which will leadto excessiveinter-address
spacecontentionand, consequently,many cachemisses. PageColoring can solve this problem by
offsetting eachaddressspace(or contiguoussegment)differently in the cache[TADF90], insteadof
directly matchingvirtual andrealbin bits. This chapterconsiderstwo versionsof PageColoring:(1) an
exactmatchof bin bits (asshownin Figure6.6), and(2) a matchof bin bits exclusive-oredwith a dif-
ferentPID (processidentifier) for eachaddressspace.Thepreciseform of PageColoringusedby MIPS
wasnot known,but theyprobablydon’t useadirectequalitybin match.

6.3.2. Bin Hopping

Figure6.7 showsBin Hopping,anothersimpleway to equalizecachebin utilization. It allocates
sequentiallymappedpagesin sequentialcachebins, irrespectiveof their virtual addresses.Bin Hop-
ping reducescachecontentionbecauseit sequentiallydistributesthepagesfrom anaddressspaceacross
thecachein differentbins(until it mustwraparound). It exploitstemporallocality becausethepagesit
mapsclosein time tend to be placedin different bins. If pagesmappedtogetherarealso referenced
together,this reducescontention.

Figure6.7 showsa Bin Hoppingexamplewhereit alwaysfinds availablepageframesin succes-
sive bins. This may not be a commonscenarioin manysystemssincetheremay not be pageframes
availablefor replacementin all bins. Bin Hoppingskipssomebinswhenit incrementsoverbinsthatdo
not containfreepageframes.This degradesthepageplacement.

Figure6.8 showsa straight-forward‘‘C’’ codeBin Hoppingimplementationthat choosesthe bin
placementof a page. The implementationtraversesthe bins until it finds onewith an availablepage
frame. Thenit rememberswhereit placedthe lastpage,so thenext traversalcanstartfrom there. Bin
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Figure 6.7. Page Placement By Bin Hopping.

This figure picturesa pageplacementthat could occur with Bin Hopping, which mapspagesto page
framesin successivecachebins.[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[�[

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

6.3.3. Best Bin

Thestrengthof PageColoringandBin Hoppingmayalsobetheir weakness.Thesmallamountof
savedstateinformationreducestheeffectivenessof themappingfunctionbecauseit precludessophisti-
cateddecision-making.Whentherearenot availablepagesin all bins,PageColoringandBin Hopping
may not producea goodmapping. Instead,a pagemappingfunctioncanuseto advantageinformation
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 modestcomparedto the
spacerequiredfor thecompletepagemappinginformation.

The count for eachbin is the pair <used, free>. Used is the numberof previouslyplacedpages
from a given addressspace,and free is the numberof pageframesavailablefor placementin this bin.
A straight-forwardmappingalgorithm sequentiallylooks at eachof the <used, free> pairs (for each
bin) andchoosesthe bin that bestmeetsthe standardsof suitability. This algorithmis Best Bin. Like
Bin Hopping,BestBin ignoresthevirtual addresseswhenit mapsa page. BestBin maintainssystem-
wide free informationto showthe numberof availablepageframesin eachbin, just asPageColoring
and Bin Hopping do. The addedstateof Best Bin is the used information per bin for eachactive
addressspace.BestBin reducescontentionwithin eachsingleaddressspaceby equalizingtheseused
valuesacrossthedifferentcachebins.
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VALUE free[NUMBER_BINS];
BINTYPE next_bin[NUMBER_PIDS];

BINTYPE Careful_Hopping(vp, pid)
VIRTUALPAGE vp;
PIDTYPE pid;
{

BINTYPE bin;

bin = next_bin[pid];

while(free[bin] == 0)
bin = (bin + 1) % NUMBER_BINS;

next_bin[pid] = (bin + 1) % NUMBER_BINS;
return(bin);

}

Figure 6.8. Bin Choice Code for Bin Hopping.

This figure showsa ‘‘C’’ codefragmentto implementBin Hopping. Careful_Hopping() places
page vp in a bin, giventheprocess(or addressspace)identifier pid indicatingthemappingprocess(ad-
dressspace). It will properlyterminateprovidedthereis an availablepageframe. The free arraycon-
tainsthenumberof availablepageframesin eachbin andthe next_bin arraycontainsthebin position
(initially random)for eachprocess(addressspace).]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]�]

The Choice() codein Figure6.9 rankstwo bins basedon the <used, free> parameters.The
specificrulesusedfor rankingthe<used, free> pairs(bins)are,in priority order:(1) thebin musthave
at leastone free pageframe(free ≥ 1), (2) the bin shouldhavethe fewestpagesusedby this address
space(minimize used), and (3) the bin shouldhavethe most pageframesavailable(maximize free).
Rule (2) minimizesconflicts within the addressspace,and rule (3) minimizesconflicts betweendif-
ferentaddressspacessincemore availablepageframesimplies that otheraddressspacesunderutilize
thebin. If theserulesfail to produceapreferablebin, anarbitrarychoicecanbemade.

Figure6.10shows‘‘C’’ codeto implementBestBin. Thecodeis a loop calling the Choice()

function that incrementallyfinds the bin that is best. This is a simple implementation,andit assumes
thatthereis at leastoneavailablepageframe.

Figure6.11depictsanexampleof a choicemadeby BestBin. The<0, 0> bin hastheleastprevi-
ouslymappedpages,but it cannotbechosensincethereareno availablepageframes. Of all the<used,
free> pairs,BestBin choosesthe <1, 3> bin becausethereareseveralavailablepageframesandonly
onepreviouslyplacedpageframe. After choosingthe <1, 3> bin, the pagemappingfunction extracts
anavailablepageframefrom thebin, mapsthevirtual pageto therealpageframe,andchangesthe<1,
3> pair to <2, 2> to reflectthemodifiedstate.

Best Bin requiresmore memorythan the previousmappingalgorithms. It requireslessstorage
with increasingassociativityor pagesize,but more storagewith largercaches.Sincethe numberof
pageframesfrom eachbin is likely to besmall andexactused valuesarenot requiredfor correctness,
shortintegerscanbeusedto representeachvalue. An 8-bit bytemaybesufficiently large,for example.
Variableoverflowon shortintegerscanbeeasilyhandledby ‘‘pinning’’ a nodeat themaximumvalue,
making the valueat a nodean approximationof the true value. Whenusingonebyte per entry,only
256-byteswould berequiredfor a used arraycorrespondingto thebinsof a 4-megabytedirect-mapped
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BOOLEAN Choice(left_used, left_free, right_used, right_free)
VALUE left_used, left_free, right_used, right_free;
{

if(left_free == 0)
return(CHOOSE_RIGHT);

else if(right_free == 0)
return(CHOOSE_LEFT);

else if(right_used > left_used)
return(CHOOSE_LEFT);

else if(left_used > right_used)
return(CHOOSE_RIGHT);

else if(left_free > right_free)
return(CHOOSE_LEFT);

else if(right_free > left_free)
return(CHOOSE_RIGHT);

else
return(ARBITRARY_CHOICE);

}

Figure 6.9. Code to Choose Among Bins.

This figure showsa ‘‘C’’ codefunction usedrank alternativebins. Its argumentsare the <used, free>
pairsfor eachbin andit returnsthe preferredbin. ARBITRARY_CHOICE couldbea constantor a ran-
domvariable._�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_

_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_�_
VALUE used[NUMBER_PROCESSES][NUMBER_BINS];
VALUE free[NUMBER_BINS];

BINTYPE Careful_Best(vp, pid)
VIRTUALPAGE vp;
PIDTYPE pid;
{

BINTYPE best_bin, bin;

best_bin = 0;
for(bin = 1; bin < NUMBER_BINS; bin++)

if(Choice(used[pid][best_bin],
free[best_bin],
used[pid][bin],
free[bin]) == CHOOSE_RIGHT)

best_bin = bin;

return(best_bin);
}

Figure 6.10. Bin Choice Code for Best Bin.

This Figure showsa ‘‘C’’ codefragmentto implementBest Bin pagemapping. Careful_Best()
placespage vp in a bin, given the process(or addressspace)identifier of the mappingprocess(address
space).The used arraycontainsthe used stateinformationfor eachprocess.The free arraycontains
thenumberof availablepageframesin eachbin. Figure6.9definesthe Choice() function.`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`�`

cachewith 16-kilobytepages.
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Figure 6.11. Page Placement by Best Bin.

This figureshowsthebin thatwould bechosenasthenbestbin by BestBin using Choice() from Fig-
ure6.9. Picturedarethe<used, free> pairsfor eachbin. BestBin will look at all binsanddecidethat the
<1, 3> bin is best.b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b�b

6.3.4. Hierarchical

The BestBin executiontime may be linear in the numberof bins,which may be too slow when
therearemanybins. Alternatively,Hierarchicalcanchoosea bin moreefficiently with theaid of a bin
tree structure,as pictured in Figure 6.12. The time complexity of Hierarchicalis logarithmic in the
numberof bins, much better than linear when there are many bins. Another important propertyof
Hierarchicalis its size independence.This meansthat it improvesthe static pageplacementin many
cachessimultaneously. With the properassociationof treeleavesto cachebins, the different levelsof
the tree correspondto cacheswith more or less bins. By optimizing each tree level, Hierarchical
improvesthe static pageplacementin eachcache. This is particularly importantwith a hierarchyof
real-indexedCPU cachessincethe pagemappingfunction will eliminateconflicts in all the cachesin
thehierarchysimultaneously.It alsosimplifiessoftwaremanagement.Forexample,it allowsmachines
with different cachesto usethe sameoperatingsystemexecutable;the samealgorithm will eliminate
conflicts in eachcachewithout modification. Size independencealso hasa simulation advantage:a
cachesimulatorcan concurrentlysimulatemultiple cacheswith the samesize-independentvirtual to
realpagemappingsproducedby Hierarchical.

Figure6.12showsthata bin treeis a fully balancedbinary tree;thevalueof eachleaf nodeis the
numberof pageframesin its associatedbin. Thevalueof interior nodesis thesumof thevaluesof its
children. Thevalueof the root nodeof a used(free)bin treeis thenumberof used(free)pageframes.
Hierarchicalusesa singlefreebin treesystem-wide,but it needsa usedbin treefor eachaddressspace,
just as Best Bin needsa bin array per addressspaceand Bin Hopping needsa bin position for each
addressspace.This chapterusesbinarytrees;higherbranchingfactorsalsocouldbeused,but theymay
not maintainsizeindependencewith all caches.

WhenHierarchicalmapsanewvirtual pageto apageframe,it traversesthebin treesfrom theroot
to a bin (leaf) at thebottomof thetrees. During a traversal,exactlylog2(B) choicesdecidetheparticu-
lar traversalpath. The key determinantof the effectivenessof Hierarchical is the quality of these
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Figure 6.12. Page Placement Using Hierarchy.

This figure picturescachebins structuredasa hierarchicaltree,calleda bin tree. A tree traversalplaces
thepagein a bin. Decisionsat eachnode,basedon thenodevalues,determinethetreetraversaldirection.
Thischapterassumesbinarybin trees;treeswith higherbranchingfactorsalsocouldbeused.d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d�d

decisions.Hierarchicaldecidesthe traversaldirectionby looking at the<used, free> pairscorrespond-
ing to the two childrenof a node. It ranksbins (sub-trees)preciselyasBestBin does,asdescribedin
Figure6.9. The<used, free> valuespassedto the Choice() functionareinterior treevaluesinstead
of thefinal bin values. Both HierarchicalandBestBin usethesame Choice() becausethegoalsof
the decisionarethe samein eachcase. They both minimize contentionby equalizingthe used values
within eachaddressspaceseparately.

Figure 6.13 showsHierarchicalon a simple example. Traversalstartsfrom the root of the bin
trees. From there,Hierarchicaldecidesbasedon the <4, 6> and<5, 5> pairscorrespondingto its sub-
trees. It chooses<4, 6> sinceit haslessused pages.Next, Hierarchicalchooses<1, 3> over <3, 3>,
againbecausethereare lessused pages. Finally, it chooses<1, 3> over <0, 0> because<1, 3> has
availablepageframes.Bin treetraversalis thencompletesincea leafnodeis reached.

Figure 6.13 also showshow Hierarchicalupdatesbin treesafter placing the pagein the chosen
bin. Treeupdate,unlike treetraversal,proceedsfrom a leaf of thetreethroughtheonly pathto theroot
of the tree,updatingeachnodealongthe way. Similar to the log2(B) decisionsrequiredto traversea
bin treedownward,Hierarchicalmodifieslog2(B) + 1 nodesduringa treeupdate.Note that treeupdate
could bedonewith treetraversalsinceHierarchicalknowsthe changesit will makeon the pathto the
leaf.
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Figure 6.13. Bin Tree Traversal.

This figureshowsanexampleof a bin choicewhenmappinga virtual page(usingthedecisionheuristicin
Figure6.9) by <used, free> bin treetraversalwith Hierarchical. The right half showsthe corresponding
updatesthatoccurafter themappingtraversal.Thevaluesof thetreenodesaregiven. Theusedvaluesof
the leavesshow the numberof pagesalreadyplacedin the correspondingbin. The free valuesof the
leavesshowthenumberof pageframesavailablefor replacementin thecorrespondingbin.f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f�f

Figure 6.14 illustratesthe labeling of tree nodesin a bit-reversedmanner. With this labeling,
Hierarchicalproducessizeindependentmappings.The labelsof the treenodesarea reversalof thebit
stringsobtainedfrom an increasing(binary) orderingof the nodeson a level from left to right. By
definition, the valueof a leaf nodeis the numberof used (free) pageframeswhosebottombits match
the leaf nodelabel. Sincea parentnodeis the sumof its childrenvalues,AppendixA showsthat the
valueof eachtreenodeis thenumberof pageframeswhosebottombits matchthenodelabel.

The low-order (right) digit of the nodeson the left half of the bin tree are all zero while the
correspondingbit is alwaysonefor thenodeson theright half. Sincethefirst decisionduringmapping
decideswhetherthe right or left sub-treewill be traversed,this decisionchoosesthe bottombit of the
pageframenumber. This is exactlytheconflict eliminationdecisionrequiredfor acachewith two bins.
Hierarchicalreducesconflicts in a cachewith two bins althoughthe tree in Figure6.14 is specifically
targetedfor a cachewith eight bins (sincethereareeight leaves). The essenceof cachesizeindepen-
denceis thatwheneliminatingconflictsin a cachewith morebins,conflictsmustalsobeeliminatedin
smallercaches.
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Figure 6.14. Mapping Tree Nodes to Bins.

This figure showsa relationshipof bin numbersto treenodesthat allows Hierarchicalto producesize in-
dependentmappings.It is thebit-reversalof numberingthenodeswith labelsin increasingorderfrom left
to right.h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h�h

Bin treeslabeledas in Figure6.14 arecalleda Bit-ReversedBin Tree(BRBT). As well as the
numberof bin bits, thedepthof a cacheis theBRBT level with thesamenumberof nodesasthereare
bins in the cache. With a BRBT, Hierarchicalimprovesthe static pageplacementin all cacheswith
depthlessthanor equalto thedepthof the tree. Hierarchicalmakesthesamechoicesat theupperlev-
elsof thebin treewhetherthelower levelsof theBRBT arefilled out or not. To maintainsizeindepen-
dence,the lower levels only refine the decisionsmadeat higher levels. The mappingsproducedby
Hierarchicalare equivalentwith different tree sizesprovided the choice amongmultiple free page
frameswithin a bin is arbitrary. Appendix A gives a formal proof that Hierarchicalproducessize
independentmappings.

The implementationof a BRBT is efficientsincethe treesarefully balancedbinary treesthat can
berepresentedusinga simplearrayasa heap (asusedby heapsort) [AHHU85] with only 2B − 1 entries
required,indexedfrom 1 to 2B − 1. Eachnodeis identifiedby its index into thearray,thefirst entry is
the root node. The contentof the correspondingarrayentry is the nodevalue. The powerof the heap
representationis that theparentsandchildrenof a nodecaneasilybefoundby performingbit shift and
logical operationson the nodeidentifier. The left child of the nodeidentifiedby i is 2i andthe right
child is 2i + 1. The parentof node i is i i /2j . The implementationof theseoperationson a binary
machinecanbeparticularlyefficient.

Figure6.15showscodeto implementHierarchical,which usesthedecisionheuristicin Figure6.9
anda heaprepresentationof theusedandfreeBRBT’s. Hierarchicalrequiresonly twice thememoryof
BestBin. 511nodesperaddressspace(process)would berequiredfor theused BRBT of a 4-megabyte
direct-mappedcachewith 16-kilobytepages.Similar to BestBin, eachnoderequireslittle storagesince
its valueneednot beexact.

Thoughnot exploredfurtherin this study,BestBin andHierarchicalcouldbemergedinto a single
algorithm. This algorithm would combinethe speedof Hierarchicalwith the betterdecisionsof Best
Bin. BestBin couldbeusedto find thebestbin at a certainlevel of theBRBT, thenHierarchicalcould
further traversethesub-treeof theBRBT chosenby BestBin. For example,in a BRBT with 11 levels
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VALUE used[NUMBER_PROCESSES][2 * NUMBER_BINS];
VALUE free[2 * NUMBER_BINS];

BINTYPE Careful_Hierarchical(vp, pid)
VIRTUALPAGE vp;
PIDTYPE pid;
{

int level;
NODE_IDENTIFIER node, left_node, right_node;
BINTYPE bin;

level = 1;
node = 1; /* root node */

while(level < NUMBER_TREE_LEVELS)
{

left_node = 2 * node;
right_node = 2 * node + 1;
if(Choice(used[pid][left_node],

free[left_node],
used[pid][right_node],
free[right_node]) == CHOOSE_LEFT)

node = left_node;
else

node = right_node;
level = level + 1;

}

bin = Bit_Reverse(node - NUMBER_BINS, NUMBER_BIN_BITS);
return(bin);

}

Figure 6.15. Bin Choice Code for Hierarchical.

This figure showsa ‘‘C’’ code fragmentto implementHierarchical. Careful_Hierarchical()
placesthepage vp in a bin, given theprocess(addressspace)identifierof theprocess(addressspace)re-
questingthe mapping. The used arraycontainsthe usedbin treefor eachprocessandthe free array
holdsthe systemfree bin tree,eachtreeis storedasa heap. Figure6.9 definesthe Choice() function.
The Bit_Reverse() function reversesthe bits of its first argument(the secondargumentgives the
numberof reverses)sothatthemappingof binsto leavesmaintainssizeindependence.l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l�l

(of depth10), BestBin couldchoosethebestof theeight sub-treesat level threein the tree.Hierarchi-
cal could then refine the decisionmadeby BestBin to level ten in the tree. This examplealgorithm
couldbeparticularlyusefulfor a systemwith hierarchicalcachesof eightand1024binseach;BestBin
would give goodmappingsfor the cacheof eight bins,while the mappingswould besizeindependent
for this configurationbecauseHierarchicalwasusedat thebottomof thetree.

6.4. Trace-Driven Simulation Performance Analysis

This sectionanalyzesthecarefulpagemappingalgorithmsdescribedin theprevioussectionusing
trace-drivensimulation. Trace-drivensimulation allows the usefulnessof the different careful page
mappingalgorithmsto bemeasured.This analysisusesthetracesdescribedin Chapter3. It showsthat
carefulstaticpageplacementimprovesdynamiccacheperformance.
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6.4.1. The Simulator

Previoustrace-drivensimulationresultsanalyzingcacheperformanceassumethat operatingsys-
tem policiesarefixed andindependentof the studiedcaches.This chaptereliminatesthis assumption.
Sincethis sectionexaminesdifferentvirtual pageto physicalpageframemappingpolicies,thesimula-
tor incorporatesmemory managementpolicies of the operatingsystemalong with hardwarecache
managementimplementations.The simulation resultsexposethe interactionbetweenhardwareand
softwaresystemcomponents.

The simulatorimplementsa global least-recently-used(LRU) pagereplacementpolicy by main-
taining an exactorderingof the pageframesfrom most recentlyusedto leastrecentlyused(an LRU
list). (It doesnot placepagesin thepool whena processexits,only whentheyareleast-recently-used.)
The simulatormapsa virtual pageto a correspondingpageframe at the point when the pageis first
referenced(demandloading). ThoughexactLRU may be infeasibleto implementin practice,it is a
replacementpolicy with desirablepropertiesthat is feasibleto implementin a simulationenvironment.
The pageframeat the bottomof the LRU list, the leastrecentlyusedone,would normally be the best
candidatepageframefor replacement.Ratherthanrequiringthat thesimulatorchoosethe lastpageon
the LRU list for mapping,the careful pagemappingpolicies havethe freedomto chooseamongthe
pageframesnearthebottomof theLRU list. That is, thepool of availablepageframesconsistsof the
framesat thebottomof theLRU list. Figure6.16showsthis. Thesizeof theavailablepageframepool
is constantthroughoutthe simulationsof this chapter,evenat the beginningof a simulationwhenthe
entire main memory is unmapped.The default pool size is 4-megabytesof the 128-megabytemain
memory in 16-kilobyte pages. The default main memory size is large enoughthat the simulation
requirednoprocessswapping,andthestaticprocessschedulingoneachtraceis used.m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m�m
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Figure 6.16. LRU List Implementation With Available Page Frames.

This figure showsthe global LRU list of pageframesandthe free pageframepool. The simulatormain-
tainsanexactlist of pageframesfrom mostrecentlyusedto leastrecentlyusedduringreal-indexedcache
simulations.Whenit mapsa virtual pageto a pageframe,thebottompageframeson the list areavailable
for mapping.n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n�n

Beforestartingeachreal-indexedcachesimulation,thesimulatorinitializes theLRU list in a dif-
ferent randomorder. This modelsa systemthat doesnot differentiateamongits pageframesandhas
beenexecutingfor sometime; eventuallypageframesarenot in anysignificantorder. Given this ran-
domordering,themappingalgorithmshavea randomsamplingof pageframesavailablefor mappingat
thebeginningof a simulation. As executioncontinues,the memoryreferencepatternof the tracesand
thepreviousmappingdecisionsdeterminetheavailablepageframes.
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6.4.2. Results

6.4.2.1. The Usefulness of Careful Page Mapping

This sectioncomparesHierarchicalmapping to randommapping becauseHierarchical’ssize-
independencereducessimulationtime, andbecauseHierarchicalperformswell comparedto the other
careful mapping schemesin Section 6.4.2.3. For 1-megabyte(top), 4-megabyte,and 16-megabyte
caches(bottom),figure6.17plots100million instructionaveragesof theMult2.2 missesperinstruction
(MPI) for four differentsimulations,eachwith a differentvirtual to realpagemapping. Thecacheper-
formanceis different becauseeachsimulationhasa different pool of availablepageframes,so each
simulationplacesthesamepagesin differentpageframes,andconsequentlydifferentcachebins. Note
that randommappingdoes not imply randompagereplacement;it meansthat thesimulationplacesthe
pagein thepageframeat thebottomof theLRU list. Thus,thesimulatorplacesthepagein a random
(arbitrary)bin, dependingonly on thepageframenumberat thebottomof theLRU list.

Figure 6.17 shows,for the Mult2.2 trace, that the careful (Hierarchical)mappingshave con-
sistentlylower MPI thanrandom(sincethe solid lines areusuallybelow the dottedlines). This shows
that the staticpageplacementimprovementsof carefulmappingreducedynamiccachemissesfor this
trace. Over most of the trace,the carefulmappingMPI’s areonly a few percentbetterthan random.
But in additionto this smallandconstantimprovement,thereareburstsof cachemissesfrom poorran-
dompagemappingthatoccasionallydoubleor triple theMPI for the100million instructionintervals27.
Theseburstsincreasethemeanimprovementof carefulmappingwell beyondonly a few percent.

To geta betterideaof thequantitativedynamiccacheperformanceimprovementsof carefulmap-
ping, the averagecacheMPI whenusingrandomandHierarchicalmappingshouldbedetermined.To
do this, the resultsfrom multiple simulation runs that use different pagemappingswere averaged.
While the MPI of onesimulationis an unbiasedestimateof the true meanMPI, Figure6.17suggests
that the MPI resultsfrom simulationscansubstantiallyvary, so it is hardto sayhow closeonesimula-
tion resultis to thetruemeanMPI. After runningfour simulations,mostof thefour-samplemeanswere
found to be accurate(with 90% confidence)within a few percent,so no more simulationswere run.
Fortunately,eachtracewas long enoughso that the individual simulationsaveragedout muchof the
variancein cacheperformance,andtoo manylong-tracesimulationswerenot needed(which is impor-
tant since eachsimulation takesdays). With shorter traces,many more sampleswould have been
requiredfor the samestatisticalsignificance.AppendixB is providedfor thosewho wish to checkthe
statisticalsignificanceof the results. This is particularly important given that the samplesize is so
small. This dissertationchapterusesthefour-samplemeansto quantitativelyevaluatetheimprovement
of careful mapping for 1-megabyte,4-megabyte,and 16-megabytesecondarycacheswith direct-
mapped,2-way,and4-wayset-associativity.

Figure6.18 showsthe direct-mappedHierarchicalmiss reductions. The Hierarchicalreductions
aretherelativeamountthat thefour-samplemeanHierarchicalMPI is lower thanthefour-samplemean
randommappingMPI. Thefigureshowsthatcarefulpagemappingis usefulfor a varietyof workloads.
Carefulmappingseliminateup to 55% of the direct-mappedcachemissesfrom randommapping. Ono�o�o�o�o�o�o�o�o�o�o�o�o�o�o�o

27. Note that someburstsappearin the randommappingsof both the1-megabyteand4-megabytecache
simulations. This occurssincethe simulationsof different cachesizesareof the samevirtual to real page
mapping,andtheresultsarecorrelated.Theresultsfor eachindividual cachearenot correlated,however.
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Figure 6.17. Mult2.2 Results for Different Page Mappings.

This figureshowstheMPI effectof four differentvirtual to realmappingsgeneratedby Hierarchical(solid
lines) and generatedrandomly (dotted lines) on the missesof three real-indexedsecondarycaches. It
showstheaverageMPI for theprevious100million instructionsof theMult2.2 tracefor 1-megabyte(top),
4-megabyte(middle),and16-megabyte(bottom)secondarydirect-mappedcaches.Notethatthescalesare
differentfor eachgraph.q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q�q

the averageover all the traces,careful mapping eliminatesabout 10-20% of the random-mapping
direct-mappedcachemisses.A similar look at theresultsfor theotherassociativitiessuggeststhatcare-
ful mapping eliminatesabout 4-10% of the missesin a 2-way set-associativecachewith random
replacement,andabout2-5% of the missesin a 4-way set-associativecachewith randomreplacement
(on average). (The Hierarchicalreductionsfor the higher associativitiesare given in Appendix B.)
Theseresultsverify that the largestgain from carefulmappingcomeswith a direct-mappedcache,as
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predictedby thesimplestaticanalysisof Section6.2.2. Higherset-associativitiescanmoreeasilyelim-
inatecontentionwithout staticplacementimprovementsbecausethey spreadcontendingblocksacross
the cacheblock framesin a set. Static improvementsthat avoid contentionare more valuablewith
direct-mappingbecausedirect-mappedcachescannot eliminate contentionfor the sameset (block
frame).r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r�r
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Figure 6.18. Direct-Mapped Hierarchical Miss Reductions for All Traces.

This figure shows,for different direct-mappedsecondarycachesand traces,the Hierarchicalreduction,
which is the fraction of themissesproducedfrom randommappingthat thecarefulmappingof Hierarchi-
cal eliminated.s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s�s

Thedirect-mappedHierarchicalmissreductionis positivein all casesexceptoncewith Lin, where
the MPI slightly increaseswith careful mapping. The multiprogrammedtracebehaviorsare similar,
exceptfor Mult1.2, whereone bad pageplacementin one simulation biasedthe resultsand cut the
direct-mappedHierarchicalreductionin abouthalf (for the1-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
becausethe memorylocationstendto be randomlyaccessed,andthe Tv addressspaceis too largefor
the staticplacementimprovementsto eliminatemuchcontention. (Figure6.5 showshow thereis little
roomfor staticmappingimprovementswhentheactiveaddressspacesizeis largerelativeto thecache
size.) The improvementsof bothSorandLin relatecloselyto thebenefitsof associativity.Thereis lit-
tle (or no) carefulmapping(associativity)improvementwith the 1-megabytecache,but carefulmap-
ping (associativity)improvesperformancegreatly for the 16-megabytecachebecausesomearraysfit
fully in the cache. Carefulmappingalsogetsmuchof the associativitybenefitswith Tree,averaging
abouta 30%missreduction. Thoughtheresultsin Figure6.18vary for differenttraces,mostof therest
of this chapterexaminesMult2.2 in detail becauseof its ‘‘average’’ behavior;theMult2.2 Hierarchical
reductionsarecloseto theaveragesfor all thetraces.

Figure6.19showsthe Mult2.2 resultsin anothergraphicalway to put the carefulmappingmiss
reductionin its properperspective.By interpolatingbetweenthe simulationresultsfor different cache
sizesandassociativities,it estimatesthe effect of softwarecarefulmappingrelativeto hardwarecache
designchanges.Thedashedline in theleft graphfindstheequivalentassociativitychangeof Hierarchi-
cal with a 1-megabytedirect-mappedcache.Carefulmappingeliminatesmorethanhalf themissesof a
random-mappingassociativityincrease;it is aboutequivalentto an associativityincreasefrom direct-
mappedto 1.6-waywith Mult2.2. For a direct-mappedcache,the dashedline in the right graphcom-
paresthecarefulmappingmissreduction(with a 1-megabytecache)to thereductionfrom a randomly-
mappedcachesizeincrease.Carefulmappingalsoeliminatesa largeportion of the misseseliminated
by a direct-mappedcachesizedoubling; it makesa 1-megabytedirect-mappedcacheact aboutlike a
1.7-megabytedirect-mappedcachefor Mult2.2.

Most importantly,carefulpagemappingreducesmeanMPI (acrossdifferent pagemappings)by
avoidingpoorpagemappings.Also, a secondarilyusefultrait of carefulmappingis a reductionin the
MPI variancefor different runs of a trace. Variance in cachebehavior is undesirablebecauseit
increasestheexecutiontime varianceof a workload. Figure6.17showsthat theMult2.2 mappingspro-
ducedcarefullyhavelessMPI variationsthantherandommappingsbecauseall of thesolid (Hierarchi-
cal) linesaremuchclosertogetherthanthedotted(random)lines. Thedifferentcarefulmappingsimu-
lationstendto follow anoutline that the workloaddictates,but the randommappingsimulationsshow
the burststhat arecausedby randomcontentionfor cachelocations. Poor randommappingsinto the
cache,not theworkloadreferencesthemself,causemanyof therandommappingmisses.

Although careful mappingseliminate much of the variancein cacheperformance,they don’t
removeall of it. In morerarecircumstancesthanwith random,a carefulmappingimplementationalso
decidespoorly. Figure6.20showssimulationresultsof mappingsproducedrandomlyandby Hierarch-
ical for the Mult1.2 trace. The oneHierarchicalmapping(a solid line) shownin Figure 6.20 caused
considerablymorecachemissesover the first half of Mult1.2, but its missesreturnednearthat of the
otherHierarchicalsimulationsfor thesecondhalf of thetrace. This is thebadsimulationthatbiasedthe
Hierarchicalreductionof Mult1.2.

Baddecisionsnearthestartof thetracecausedmorecontentionoverthephaseof executionof the
processthat referencedthe poorly mappedpages.Oncethis phasecompleted,the poor mappingdeci-
sionsno longeraffectedthe cachemisses.This emphasizesthe importanceof the pagemappingfunc-
tion choosinga ‘‘good’’ mapping. Thoughthepagemayonly bemappedonce,thecostof a poormap-
ping canoccuroneveryreferenceto thepage.
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Figure 6.19. Mult2.2 Careful Mapping Improvement.

This figureshowsthe(mean)Mult2.2 simulationdatafrom AppendixB. Themissesper thousandinstruc-
tionsis plottedversusthecacheassociativityandsizefor random(dotted)pagemappingsandHierarchical
(solid) pagemappings.The left graphshowsMPI versusassociativityfor the different cachesizes. The
right graphshowsMPI versuscachesize for different associativities(square= direct-mapped,triangle=
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Figure 6.20. Mult1.2 Results for Different Page Mappings.

This figure showsthe MPI effect of threedifferent virtual to real mappingsgeneratedrandomly(dotted
lines)andby Hierarchical(solid lines)on theMPI of a real-indexedsecondarycache. It showstheaverage
MPI for theprevious100million instructionsof theMult1.2 tracefor 1-megabytedirect-mappedcache.v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v�v

Thefour-sampleresultsfor all thetracesverify thatcarefulmappingreducestheMPI variancefor
a numberof workloads28. WhenHierarchicaleliminatesthemostmisses,it alsotendsto eliminatethew�w�w�w�w�w�w�w�w�w�w�w�w�w�w�w

28. Appendix B indirectly gives the MPI varianceof the four simulationsbecausethe widths of the
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mostvariance.This isn’t surprisingsincemostof the MPI reductioncomesfrom eliminatingburstsof
misses;theseburstsincreaseboth the meanandvarianceof the MPI acrossdifferent simulationruns.
Hierarchicalhasa lower MPI variancethanrandommappingin eighteenout of the twenty-fourdirect-
mappedcases,nineteenout of the twenty-four 2-way set-associativecases,and twenty out of the
twenty-four4-way set-associativecases.Exceptfor oncewith Tree,only Mult1.2, Tv, and Sor have
Hierarchicalvariancesthatarelargerthanthe randomMPI variances.For Mult1.2, onebadHierarchi-
cal pageplacementin onesimulationcausestheoccasionallyhigherfour-sampleMult1.2 variance.For
Tv, theHierarchicalvarianceis occasionallyhigherfor thesamereasonthat theTv Hierarchicalreduc-
tion is not very good: Hierarchicalcouldn’t help Tv’s cacheperformancemuch becauseTv’s active
addressspaceis muchlargerthanthe cache. For Sor, the varianceis slightly higherwith someof the
smaller secondarycachesbecauseHierarchical couldn’t fit someof the Sor arrays into the cache.
Hierarchicaleliminatesa lot of varianceoverall thetracesandcacheconfigurations.With fourteenout
of the twenty-fourdirect-mappedcaches,the randommappingfour-samplevarianceis more thanfive
times larger than Hierarchical. This suggeststhat Hierarchicalwill yield more predictableexecution
timesthanrandommapping.

6.4.2.2. Static Page Conflict Minimization

To understandmorefully thecausesof the MPI improvementfrom carefulmapping,Figure6.21
showsthedifferencesin thenumberof pageconflicts(within singleaddressspaces)producedrandomly
andby Hierarchicalfor Mult2.2. Eachpoint showsthe mappingconflicts(C − C min) from the address
spaceof one processin the Mult2.2 tracefor a 1-megabytedirect-mappedcache. The Mult2.2 trace
containstheexecutionof hundredsof processes(sincemanyof themcompleted),somanypointswere
available. The squares,the sampledvalues producedby a random mapping, follow closely the
predictedoutlineshownin Figure6.5,validatingtheaccuracyof thesimpleconflict model.

The sampledvaluesclearly show that Hierarchicalwas successfulin reducingthe numberof
conflicts in eachmapping below that from randommappings. Not a single addressspacehad an
unnecessaryconflict from the Hierarchicalmapping. This is largely becauseof the numberof pages
available(in thefreepageframepool) whenthesimulatormapseachpage,4-megabytesworth. On the
average,therewerefour pagesavailablefor mappingin eachbin of the1-megabytecache.Theseextra
pagesallowedHierarchicalenoughfreedomto obtainperfectconflict reductionin this cache.

While Hierarchicaleliminatedall unnecessaryconflicts in the 1-megabytecache,someremained
in the16-megabytecache.Theaverage0.25pagesavailablein each16-megabytebin is not enoughfor
complete eradication of the unnecessaryconflicts, though Hierarchical removes most of them,
significantlyimprovingcacheperformance.

Figure6.22establishesthe positiverelationshipbetweenthe conflictseliminatedby Hierarchical
andthecorrespondingmissreduction. It showstheHierarchicalreductionfor only theMult2.2 address
spacesthat wereof size0.5-megabyteto 1.0-megabyte;this isolatesthe effectsof conflictson the 58
addressspaceswithin a small sizerange. The MPI of an addressspaceis the MPI of the instructions
that use the addressspace;this includes intra-address-spaceand inter-address-spaceconflict com-
ponents.Figure6.22 isolatesthe relationshipbetweenthe static conflicts that Hierarchicaleliminatesx�x�x�x�x�x�x�x�x�x�x�x�x�x�x�x
confidenceintervalsaredirectly proportionalto thestandarddeviation. Thestandarddeviationis thesquare
rootof thevariance.
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Figure 6.21. Conflicts for Mult2.2.

This figure showsthe numberof pageconflicts(16-kilobytepages)in a 1-megabytedirect-mappedcache
(N = 64,128-megabytemainmemory)for variousprocessesfrom theMult2.2 tracefor a randommapping
(squares)anda mappingusingHierarchical(triangles).z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z�z

from anaddressspace,andtheamountthatHierarchicalreducestheMPI of theaddressspace.It com-
paresthe MPI of anaddressspacewith randompagemappingto the MPI of theexactsamereferences
to the exact sameaddressspace,only with Hierarchical used rather than Randompage mapping.
Although the figure showsHierarchical reductionsfor many different addressspaceswith different
staticconflicts in each,ratherthana single addressspacewith different staticconflicts, 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 themissreductionsarelargerthanzero. This verifiesthat
carefulpagemappingreducescacheMPI becauseit eliminatesconflictsandimprovescacheutilization.
Theslopeof thebest-fitline is furtherevidenceof thepositiverelationshipbetweenconflict elimination
andmiss reduction. Thoughcarefulmappingalwayseliminatesconflicts,severaladdressspaceswith
few conflictshada slightly higherMPI with carefulmapping. This is causedby randominter-address-
spaceconflicts;theseconflictsaremoreseverewith carefulpagemappingthanwithout it becauseeach
carefully-mappedaddressspacemore fully utilizes the cache. On the average,whencarefulmapping
eliminatesmoreconflicts,it eliminatesmorecachemisses.Together,Figure6.21andFigure6.22sup-
port a key hypothesisof this chapter:techniquesthat eliminatestatic pageconflicts in a real-indexed
cachealsoimprovedynamiccacheperformance.
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Figure 6.22. Hierarchical Reduction vs. Conflicts Eliminated.

For the58Mult2.2 addressspacesof size0.5-megabyteto 1.0-megabyte,this figureshowstheHierarchical
reductionversusthenumberof staticconflictsthatHierarchicaleliminates(in a 1-megabytedirect-mapped
cache,16-kilobytepages).Eachsquareis the averageHierarchicalreductionof the addressspacesat the
givennumberof unnecessarystaticconflicts. Thedashedline is theleast-squaresbest-fitfor all 58 address
spaces.|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|�|

6.4.2.3. Careful Mapping Alternatives

This sectioncomparesthe algorithmsfrom Section6.3 using the Mult2.2 trace. The sizeof the
availablepageframepool hasan importantaffecton thecomparison.Thecarefulmappingimplemen-
tationsthat caneliminatethe most misseswith the leastavailablepageframesare preferredbecause
theywill bemostadaptableandhavetheminimum (or no) pagereplacementeffect. For theHierarchi-
cal resultsgivensofar in this chapter,thepool is 4-megabytes.As anexperimentto learnthepool size
effect, Table 6.2 comparesthe 4-megabytedirect-mappedMult2.2 MPI of the different algorithms
(four-samplemean)with a 4-megabytepool of availablepages(large)anda 256-kilobytepool (small).
(Exceptfor PageColoringandrandommapping,mostof theresultsin this tableareaccurateto within ±
0.02or lesswith 90%confidence.)On theaveragetherewasoneavailablepageframein eachbin with
thelargepool,and0.0625availablepageframesin eachbin with the256-kilobytepool.

Equality PageColoring performspoorly in the Mult2.2 comparisonpresentedin Table 6.2. Its
particularlyhigh meanMPI for the small pool comesfrom the exceptionallyhigh MPI of two (out of
the four) simulations. TheMPI varianceof thesefour simulationsis overanorderof magnitudelarger
than thosefor the other careful mappingalgorithms. This is a symptomof the basicproblemwith
equalitypagecoloring: theplacementof commonlyusedvirtual pagesfrom differentaddressspacesin
the samecachebins often leadsto many unnecessarycachemisses. Becauseof this problem,MIPS
probably doesnot use the strict equality match PageColoring simulatedhere. The PageColoring
implementationwith PID-hashedmatchingperformsmuch better for Mult2.2 since the samevirtual
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Secondary Cache MPI××1000(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%)������������������������������������������������������������������������������������������
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Table 6.2. Careful Mapping Comparison.

This tablecomparesresultsof the different mappingalgorithmsoutlinedin Section6.3 for different page
framepool sizesfor the Mult2.2 trace. It showsthe four-samplemeanMPI for 4-megabytesof available
pageframes(LargePool)and256-kilobytesof availablepageframes(SmallPool). In parentheses,it also
givesthe relativedifferencefrom the Hierarchicalresultsfor eachpool size. The resultsshownarefor a
4-megabytedirect-mappedcache.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

addressesdo not conflict, yet it still performspoorly comparedto the othercarefulmappingschemes.
The limited flexibility of the PageColoring implementationis the causeof this poor performance:if
PageColoring doesnot find an availablepageframe in the matchingbin, it abandonsthe searchand
choosesanyarbitrarypageframe. With thesmallpool, anexactmatchis unlikely (probability0.0625).
Theothercarefulmappingschemesaremoreadaptableto situationswith few availablepageframes.

As expected,BestBin producessuperiormaps(onesthatgive a lower MPI) in thesesimulations,
whetherthereis a small or large pool of availablepageframes. A smallerpool doesn’tsignificantly
effect Best Bin, but it doescausethe four simulationswith the other algorithmsto havemore cache
misses.With the 4-megabytepool of availablepageframesin Table6.2, Bin Hopping,BestBin, and
Hierarchicalperform nearly equivalently. Each of them finds it easyto eliminate cachecontention
whenthereis oneavailablepageframein eachbin on average.With 0.0625availablepageframesper
bin, Best Bin eliminatesthe most misses. This showsthat Best Bin is the most flexible acrossboth
largeandpool sizes,and that it improvesMult2.2 cacheperformancewith the smallestpagereplace-
menteffect. About oneavailablepageframeper bin may be a goodtargetpool sizesinceit givesthe
carefulmappingalgorithmssufficient flexibility, but is small enoughto havelittle effect on the page
replacementpolicy.

Table6.3comparestheMult2.2 cacheperformanceof thedifferentcarefulmappingsfor a variety
of caches.Thepool of availablepageframesis 4-megabytes.In Bold, Table6.3 showsthecachesfor
which PageColoring,Bin Hopping,andBestBin specificallyproducedtheir mappings.Becausethey
are not size-independent,thesealgorithms only optimize their page mappingsfor the 4-megabyte
direct-mappedand16-megabyte4-way set-associativecaches.The size independenceof Hierarchical
implies that its mappingsareoptimizedfor the entirerangeof caches,sosomeentriesin Table6.3 are
an‘‘unfair’’ comparison.Hierarchicalperformedbetterthantheothercarefulmappingschemesfor the
non-optimizedcaches.Theseresultsshowtheusefulnessof sizeindependentmappings.

6.4.2.4. Does PID-Hashed Virtual-Indexing Approximate Real-Indexing?

Thesimulationtime neededto obtainvirtual-indexedsimulationMPI resultsis muchlessthanthe
time neededfor real-indexedresults. Real-indexedcacheMPI estimatesaremore difficult to obtain,
both becausevirtual to real addresstranslation increasessimulation time, and becausemultiple
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Secondary Cache MPI××1000(Mult2.2)����������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Config PageColoring PageColoring
Size A (equality) (PID hash) Bin Hopping BestBin Hierarchical�����������������������������������������������������������������������������������������������������������������������������������������������������������

1 1.37(15%) 1.32(11%) 1.33(12%) 1.38(16%) 1.19(0%)
2 1.03( 5%) 1.02( 4%) 1.00( 2%) 1.03( 5%) 0.98(0%)1M
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%)
2 0.53( 3%) 0.53( 3%) 0.52( 1%) 0.52( 2%) 0.51(0%)4M
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%)
2 0.25( 9%) 0.25( 7%) 0.24( 4%) 0.24( 2%) 0.23(0%)16M
4 0.24 ( 6%) 0.23 ( 4%) 0.23 ( 2%) 0.22 ( 0%) 0.22 (0%)��������������������������������������������������������������������������������������������������������������������������������������������������������������
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Table 6.3. Performance of Mapping Schemes for Mult2.2.

This tablecomparesthe cacheperformanceof mappingsproducedby the carefulmappingalgorithmsfor
the Mult2.2 trace. It gives the MPI resulting from eachschemein absolutevalue and relative to the
HierarchicalMPI results(in parentheses)for eachcache. PageColoring,Bin Hopping,andBestBin op-
timizedtheir pagemappingsfor the4-megabytedirect-mappedcacheandthe16-megabyte4-wayassocia-
tive cache.Thetableshowsthesecachesin bold.���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

simulationsare requiredto removethe randomnessof different pagemappings. If virtually-indexed
cacheMPI resultscouldbeusedasanapproximationof real-indexedones,therequiredsimulationtime
could be greatly reduced.Figure 6.23 comparesthe MPI of real-indexedandvirtual-indexedcaches.
The figure usescarefulmappingfor the real-indexedresultsandPID-hashingfor the virtually-indexed
results. Of course,the resultsareheavily dependenton the form of PID-hashingused. The simulator
bitwise exclusive-orsthe eight bit PID with the high-ordereightbits from the indexfield of thevirtual
addressto choosethe cacheset (seeFigure 6.1 for the definition of the set-indexfield). Figure 6.23
showstheratio of virtually-indexedMPI to real-indexedMPI.

Figure 6.23 showsthat PID-hashedvirtual indexing gives a lower MPI estimatethan physical
indexing (becauseall the ratios are lessthan 1.0). Sincesequentialvirtual pagesdo not conflict in a
virtually-indexedcache,theMPI is smaller. Simulationresultsfor PID-hashedvirtually-indexedcaches
consistentlyunderestimatethecarefully-mappedreal-indexedMPI, but in overhalf of thecasestheesti-
mationerror is 10% or less. PID-hashedvirtually-indexedcacheresultsarea strongly-optimisticesti-
mateof real-indexedcacheperformancewith randompagemapping,however.

Anotherimportantfactor in theapproximationof real-indexedcacheswith virtual-indexedcaches
is the accuracyin predictingrelativeMPI changes.Oneimportantrelativevariation is the fraction of
missesthat an associativityincreaseeliminates. Figure6.24 plots, for virtually-indexedandcarefully
mappedreal-indexedcaches,themissreductionof doublingassociativityfrom direct-mappedto 2-way.
Thecomparisonshowsthatvirtually-indexedcachesalsoconsistentlyunderestimatethis relativereduc-
tion, thoughaswith theabsolutevalue,oftenby only a small amount. This occursfor thesamereason
that virtual-indexing underestimatedthe absolutevalue: there is less direct-mappedcontentionwith
virtual-indexingbecausesequentialaddressesdo not conflict. Thoughcarefulmappinghassomecon-
tentionreductionadvantagesof virtual-indexing,virtual-indexingstill giveslowermissfrequencies.
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Figure 6.23. Virtual and Real Indexing Comparison.

This figureshows,for differentdirect-mappedsecondarycachesandtraces,themissfrequenciesproduced
by virtual indexing(with PID-hashing)relativeto thatproducedby real-indexedcaches(from Hierarchical
mappings).���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

6.4.2.5. Page Size Performance Effects

Thepagesizeaffectsthecomparisonbetweenrandomandcarefulmappings.Table6.4showsthe
Mult2.2 cacheMPI for differentpagesizes. It showsthat the randommappingMPI decreasesslightly
with increasingpagesize. A combinationof factorscouldproducethis effect. Thefirst is that sequen-
tial addresseswill not conflict with largerpages.Also, therearefewerpageframesin eachbin, so it is
lesslikely thatmanypageswill bemappedto thesamebin. With carefulmapping,cacheperformance
is largelyindependentof thepagesize. Hierarchicalreducedcontentionwith all threepagesizes.

A disadvantageof biggerpagesizesis the largeramountof main memoryusedby anapplication
becauseof internal fragmentation. Someportionsof large pagesarenot referencedthoughan entire
pagemustbe mapped.Table6.5 showsthe pagemissesandamountof memoryusedby the Mult2.2
traceversusthepagesize. Thememoryusageis thenumberof uniquereferencedpagestimesthepage
size. The referencedmemory nearly doublesas the page size increasesfrom 4-kilobytes to 64-
kilobytes.
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Figure 6.24. Virtual and Real Indexing Associativity Improvement.

This figureshows,for different direct-mappedcachesizesandtraces,the reductionin missesby doubling
the associativityfrom direct-mappedto 2-way for virtual-indexedcaches(with PID-hashing)and real-
indexedcaches(with Hierarchicalmappings).���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

6.4.2.6. The Effect of Main Memory Contention

As anexperimentto understandtheeffectof main memorycontentionon cacheperformanceand
carefulmappingalgorithms,theexecutionof theMult2.2 tracewassimulatedon a systemwith a main
memorysize of 32-megabytes.This experimentaldesigncreatedmain memorycontentionsincethe
Mult2.2 workload had about40-megabytesactive at any given time, more than the 32-megabytesof
mainmemory. Randommappingscouldthenbecomparedto carefulmappingsundertheseconditions.



-- --

152

���������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������� �����������������������������������������������������������������������������������������������������������������
Secondary Cache MPI××1000(Mult2.2)� ������������������������������������������������������������������������������������������������������������������ �����������������������������������������������������������������������������������������������������������������

Config Random Hierarchical
Size Assoc. 4K 16K 64K 4K 16K 64K� �����������������������������������������������������������������������������������������������������������������

1 1.49 1.50 1.36 1.18 1.19 1.19
2 1.05 1.05 1.02 0.97 0.98 0.991M
4 0.96 0.96 0.94 0.92 0.93 0.93� �����������������������������������������������������������������������������������������������������������������
1 0.70 0.71 0.66 0.59 0.60 0.60
2 0.54 0.54 0.53 0.51 0.51 0.514M
4 0.51 0.51 0.50 0.49 0.49 0.49� �����������������������������������������������������������������������������������������������������������������
1 0.33 0.33 0.32 0.28 0.28 0.28
2 0.25 0.25 0.25 0.23 0.23 0.2316M
4 0.24 0.24 0.24 0.22 0.22 0.22� ��������������������������������������������������������������������������������������������������������������������
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Table 6.4. Cache Misses vs. Page Size.

This table shows,for various cachesizes and associativities,Randomand Hierarchical mappedreal-
indexedcachemissfrequenciesfor 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 theMult2.2 trace,thenumberof pagemissesandthememoryreferenced(calculated
by multiplying thenumberof pagemissestimesthepagesize)for pagesizesof 4-kilobytes,16-kilobytes,
and64-kilobyteswith a 128-megabytemainmemory.¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡�¡

Usingstatictracesof multiprogrammedworkloads,tracedrivensimulationresultscanbe inaccu-
ratewith memorycontention. The staticallyorderedtracesrepresenta processexecutionorderingthat
is unaffectedby systemloadcontrolpolicies[DENN80]. Loadcontrolpoliciesdecidetheprocessesthat
executeat anygiven time. Whenmain memorydemandis high, overall systemperformancemight be
improvedby delayingexecutionof someprocessesso that main memorydemanddecreases.Proper
loadcontrolpoliciescaneliminatethe thrashing problem[DENN68] of poorsystemperformancecaused
by theovercommitmentof mainmemory.

Anotherpotential inaccuracyof static tracesis that the simulationsdo not model the effectsof
write-backsand retrievals of pagesbetweenmain memory and secondarystorage. The simulator
ignoresany secondarystorageaccessesrequiredto supportpageplacementor replacement.This is
equivalentto the assumptionof an infinitely fast secondarystorage.A slow secondarystoragedevice
could greatlyalter the processexecutioninterleaving. The assumptionshouldnot bias the resultstoo
much since cacheperformance,not main memory and secondarystorageperformance,is the major
interestin this study.

Table6.7 showsthe resultsof the memorycontentionexperiment. Note that the pagemiss fre-
quenciesareunrealisticallyhigh becauseof cold start. Theresultsshowthattherearemorepagemisses
with decreasingmainmemorysizebecauseof mainmemorycontention.While theexperimentreduced
memory size (to 32-megabytes),it did not reducethe size of the available page frame pool (4-
megabytes).The experimentusedthis largepool to gaugethe effectof a largeavailablepool on LRU
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pagereplacementdecisions.Table6.7showsthatwhile HierarchicalreducesMPI with or without con-
tention,thereareslightly morepagemisseswith contention. This suggeststhat thepool causedpoorer
pagereplacementdecisionsbecauseit was a relatively large portion of the main memory. The 4-
megabytepool was probably too large given that the main memory was only 32-megabytesin this
experiment.The optimal pool sizedependson thebalancebetweenimprovedcacheefficiencyandthe
costsof any poorerpagereplacementdecisions. With higher pagefault costs,a smallerpageframe
pool wouldbepreferred.Likewise,a largerpool is morebeneficialwith lowercosts.¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢�¢£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£�£

Memory Size Effect¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤�¤
MemorySize Mapping SecondaryMPI×1000 PageFaultsPer106 Inst.¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥�¥

Random 1.50 2.00128M Hierarchical 1.19 2.00¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦�¦
Random 1.42 2.6932M Hierarchical 1.21 2.73§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§�§¨¨¨
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Table 6.7. Cache and Page Misses for Memory Contention.

This tablecomparesMult2.2 1-megabytedirect-mappedsimulationresultsfor large (128-megabyte)and
small(32-megabyte)mainmemories.Thisexperimentshowsresultsfor RandomMappingsandHierarchi-
cal Mappings(4-megabyteavailablepagepool). Thetableshowssecondarycachemissesperthousandin-
structionsandpagemisses(faults)permillion instructions.©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©�©

With Randompagemapping,the MPI decreasesslightly with the smallermain memory. This is
similar to the MPI reductionwith largerpages,andmay occurbecausetherearefewerpageframesin
eachbin, makingit lesslikely thatmanypagesfrom thesameaddressspacemapto thesamebin.

6.5. Discussion

It is important to comparethe algorithmsto seehow well they meet their goals. Section6.4
showsthat implementationsof carefulmappingreducethemeancacheMPI andits variance.Thoseare
themostessentialrequirementsof a carefulmappingscheme.It alsoshowsthat, for Mult2.2, BestBin
eliminatesthemostcachemisseswith thesmallestpool of availablepageframes. This is a usefulpro-
perty.It saysthatBestBin is themostadaptableandhasthesmallestpagereplacementpolicy effectof
anycarefulmappingscheme.Anotherimportantgoal is that carefulmappingshouldbe low overhead,
both in termsof requiredstoragespaceandexecutiontime. PageColoring andBin Hoppinghavethe
lowest spaceoverhead,and PageColoring has the smallestexecutiontime overhead.Best Bin and
Hierarchicalhavemorespaceoverhead.BestBin’s executiontime canbetoo large;if it requiresonly a
few instructionsperbin (on average),andtherearethousandsof bins,BestBin couldtakethousandsof
instructions. Hierarchical’sexecutiontime is low: a couplehundredinstructionsshouldtraversea tree
with thousandsof bins. Also, Hierarchicalis theonly carefulmappingalgorithmfrom this dissertation
that is sizeindependent.Sizeindependencecanbea dominantconcernwith a hierarchyof real-indexed
caches.

The careful mappingimplementationsshouldadaptto the featuresof virtual memorysystems,
includingsharingamongdifferentaddressspaces.Staticpageplacementoptimizationbecomescompli-
catedwhendifferentaddressspacessharethe samepagebecausesharedpagescancausecontentionin
all addressspacesaccessingthe pageframe. A carefulpagemappingfunction shouldadaptto sharing
amongdifferentaddressspaces.It shouldpreferablymapthe pageto a pageframethat minimizesthe
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contentionin all addressspacessharingthepage. As describedin Section6.3,noneof thecarefulmap-
ping implementationsaccountfor sharing.

Bin Hoppingmay not adaptwell to sharingbecauseit optimizesfor oneaddressspaceandmay
causeconflictsin another.Theproblemis thatBin Hoppingremembersonly the lastplacementwithin
a singleaddressspace,andusesonly this informationto placethenextpage. Thus,Bin Hoppingmaps
a pageto improvethe bin utilization of a single addressspace,which may or maynot improvethebin
utilizationof theotheraddressspacesaccessingasharedpage.

Thestrict equalitymatchimplementationof PageColoringadaptswell to sharingwhentheshared
pagesareat thesamevirtual addressin all addressspacesbecausethepreferredbin for a virtual pageis
the samefor eachaddressspace. More sophisticatedversionsof PageColoring, such as the PID-
hashingimplementationconsideredin this study,may not adaptfor the samereasonthat Bin Hopping
will not: the mappedbin dependson the PID usedto mapthe page. A PageColoring implementation
that, instead,maintainsan offset for eachshareableunit (a collectionof pages,suchasa sharedcode
segment),could betteradaptto sharing[TADF90]. Then,all addressspacesmappagessimilarly since
eachaddressspacesharingapageusesthesamebin offset.

With the BestBin andHierarchicalcarefulmappingimplementations,the used stateinformation
shouldbemaintainedpershareableunit to betteradaptto sharing. Theused stateof anaddressspaceis
thenthe sumof the used statesof eachshareableunit referencedwithin the addressspace29. Mapping
decisionsfor sharedpageswill still be optimizedonly with respectto the addressspacemappingthe
page. However,BestBin andHierarchicalwould still adaptto sharingbecauseall subsequentmapping
decisions(of all addressspacesreferencingthe page)adjust to the positioning of the sharedpage
throughtheupdatedused state. Note that the summationof used statefor multiple shareableunits can
makethe mappingprocessmoretime consuming.Consequently,the efficiencyof Hierarchicalwill be
evenmoreessentialfor goodperformance.

6.6. Conclusions

This chaptershowsthe usefulnessof careful virtual to real pagemapping policies, describes
severalpractical careful mappingimplementations,and showstheir performanceimprovementusing
trace-drivensimulation. Whena real-indexedcacheis large,the virtual to real pagemappingfunction
andthecachemappingfunction interactto determinecacheperformance.This givesthepagemapping
policy the opportunity to improve cacheperformanceby carefully choosingthe virtual to real page
mappingof anaddressspace.It is worthwhile to expenda little effort to mapa pagecarefullysinceit
canimprovethe performanceof all following accessesto the page. This chaptershowsthat virtually-
indexedcacheshaveadvantagesover real-indexedcacheswith poor virtual to real mappings,but that
carefulmappingcaneliminatemanyof therandomreal-indexedmisses.

This chaptershowsthat staticcachebin placementoptimizationsproducedynamiccacheperfor-
manceimprovements.A simplestaticanalysisshowsthatasmanyas30%of thepagesfrom anaddress
spaceare unnecessarilyin conflict; this is the static potential availableto the careful pagemappingª�ª�ª�ª�ª�ª�ª�ª�ª�ª�ª�ª�ª�ª�ª�ª

29. If the implementationsinsteadonly maintainone array (tree) of used stateinformation per address
space,whentheoperatingsystemaddsor removesa sharedpageit mustupdatetheused stateof all address
spacesusingthepagesothatall used informationis correct. This updatemaybebothdifficult andtime con-
suming.
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algorithms. This analysisalsocorrectlypredictsthatconflictsarelessof a problemin cachesof higher
associativity.

This chapterdescribesPageColoringandintroducesseveralotherpracticalcarefulpagemapping
algorithmsthat improve the cachebin placementof pagesbasedsolely on static information. These
algorithmsequalizecachebin utilization and eliminatecacheconflicts. They rangefrom the simple
PageColoring and Bin Hopping to the more sophisticatedBest Bin and Hierarchical. This chapter
quantitativelycomparesthe MPI improvementsof the algorithmswith trace-drivensimulationsof a
multiprogrammedtrace(Mult2.2). This comparisonshowsthatBin Hopping,BestBin, andHierarchi-
cal performwell. ThecomparisonalsoshowsthatEqualitymatchPageColoringperformspoorly. The
problemwith equalitymatchPageColoring is that it mapsfrequentlyusedareasof thevirtual memory
spaceto the samecachebin. A versionof PageColoring that eliminatesthis problemstill doesnot
comparefavorably to the other carefulmappingschemes.Under the conditionsthat this chapterstu-
dies, Best Bin producesthe best pagemapswith the smallestpool of availablepageframes,so it
improvescacheperformancewith theminimum(perhapsno) pagereplacementpolicy effect. Hierarch-
ical hasgoodcomputationalefficiencyandcachesizeindependentmappings;thesepropertiesaredesir-
able,particularlyfor hierarchiesof real-indexedcaches.

This chaptercorrelatesthe static conflict optimizations of the mapping algorithms with the
dynamiccachemiss reductions. It alsoshowsthat virtual-indexing(with PID-hashing)optimistically
estimatesreal-indexedcacheperformance,that carefulmappingis effectiveovera rangeof pagesizes,
andthat carefulmappingwith a largepool of availablepageframes(relativeto themainmemorysize)
cancausemorepagemisses.

Carefulvirtual to real pagemappingis a useful,low cost,techniqueto improvethe performance
of large,real-indexedCPU caches.This chapterpresentssimulationresultsfrom severalworkloadsto
measurethe improvedMPI meanandvarianceof carefulpagemapping(Hierarchical). The improve-
mentdependson the workload,but, 10%-20%of direct-mappedcachemissesareeliminated(on aver-
age)from our traces.Thus,at nohardwarecost,softwarecarefulpagemappingeliminatesabouthalf of
the direct-mappedcachemissesthat eitherdoublingthe associativityor cachesizecaneliminatefrom
thetracesusedin this dissertation.
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Chapter 7

Summary andFutureWork

7.1. Summary

This dissertationprovidesthe analysisrequiredto understandmulti-megabytesecondaryCPU
caches.Thecontributionsof this work includenewcacheperformanceanalysistechniques,anddesign
suggestionsfor both hardwareand softwarememorysystemdesigners.This sectionsummarizesthe
contributionsof this dissertation.

Chapter2 definesbasicconcepts,givesdefaultparameters,andsurveysstate-of-the-artresearchin
the areaof cachememoryanalysis. It thenshowsthat the MPI andSCPI cacheperformancemetrics
usedin this dissertationtakeinto accountthefrequencythatacacheis accessed,in additionto thecache
miss ratio, to determinethe performanceeffect of a cache. SCPI is a useful performancemetric to
gaugetheeffectof cachemisseson eachinstruction;it allowstheeffectsof eachcachein thehierarchy
to be determinedseparately,then combinedinto a systemtotal. Then Chapter2 showsthe statistics
usedin this dissertation,andalsodescribesa simulationenvironmentwith enoughprocessingpowerto
gathertheresultsneededfor this dissertation.

Chapter3 describesa collectionof newtracesfor theanalysisof multi-megabytecachesthatwere
usedthroughoutthis dissertation.Thesetracesovercomeseveraldeficientaspectsof previouswork-
loadssincetheyareonehundredtimeslongerthanprevioustraces,andarefrom workloadsthatareten
times larger than previously traced. Theseworkloadsare the type that can be expectedwhen high-
performanceprocessorswith largemain memoriesbecomeavailable. This dissertationdescribesnew
tracing techniquesrequiredto gather theselong traces. Chapter3 describesthe code modification
mechanismused to gather them; Anita Borg and David Wall developedthis mechanismat DEC
Western ResearchLaboratory. Chapter 3 also describesthe sophisticatedtrace differencing and
compressionneededto capturethe traces;eachmemory referencerequiredonly about two bits of
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storage.

Chapter3 alsoshowstwo advantagesof long traces. The first is that longer tracesgive a more
completecharacterizationof the variationsof behavioracrossdifferent executionphasesof the work-
load. Thesecondadvantageis that long tracescanovercomethelong cacheinitialization,or cold-start,
transientof themulti-megabytecaches.Thesenewtracesaresuperiorto previoustracesfor theanalysis
of multi-megabytecaches,andwereessentialto obtaintheresultscontainedin this dissertation.

The problemwith long tracesis the enormoussimulationandstorageresourcesrequiredto use
them. Chapter4 comparestwo different trace-samplingtechniquesthat useonly a portion of the full
tracememoryreferencesto estimatecacheperformancefor the full trace. Sincesimulationtime and
storagespaceis proportionalto the numberof requiredmemory references,this referencereduction
translatesdirectly into reducedsimulationandstoragerequirements.Onesamplingtechnique,setsam-
pling, extractsreferencesto a portionof theaddressspace,thoseaddressesthat indexto a portionof the
setsin thecache.Chapter4 introducesa constant-bitstechniquethatproducessetsamplesthatareuse-
ful for the widestrangeof cacheconfigurations;a constant-bitssampleis a setsamplewhenthe cache
index bits containthe constant-bits.Setsamplingis effective:a tracedatareductionfactor of 16 still
gavelessthan10%errors.

Theothertrace-samplingtechnique,time sampling,extractsmanysamples,whereeachis a time-
contiguousportionof thefull tracereferences.Cold startis a seriousproblemlimiting theusefulnessof
time sampling. Chapter4 comparesfive differentcold-startreductiontechniques.It showsthat initiali-
zationreferencemissratio prediction[WOHK91] wasmosteffectiveat mitigating thebias. Evenwith
this technique,multi-megabytecachesrequiretime samplesof millions of instructionsto removecold-
starteffects. Additionally, time samplingrequiresmanysamplesto characterizecacheperformancefor
a long trace. Only many samplescan captureadequateportionsof different executionphasesof the
tracedworkloadsto estimatecacheperformanceaccurately. The combinationof large time-samples
with manytime-samplesmakestime samplinglessdesirablethansetsampling. Providedsomerestric-
tionscanbetolerated,setsamplingis preferred.

Chapter5 focuseson thedesignof multi-megabytecaches.In sodoing,it givesadetailedmotiva-
tion for two-level hierarchicalcacheconfigurationswith secondarymulti-megabytecaches.A feature
of multi-megabytecachesis the significant reductionin memory traffic requiredwhen the cacheis
insertedbetweentheprocessorandthemainmemory. Smallerandfasterprimarycachesareanimpor-
tant componentof a hierarchicalmemorysystemcontainingmulti-megabytecachessincelargecaches
are too slow to serviceprocessorreferencesdirectly. A hierarchicalconfigurationwith both primary
and multi-megabytesecondarycachesservicesmost referencesat processorspeeds,and retainsthe
capacityadvantagesof thelargesecondarycache.

TheSCPI resultsfrom Chapter5 showthatmulti-megabytecachesareextremelyusefulwhenthe
processor-main-memoryspeedgapreachesa factorof 100or more. Theyalsoshowthat theworkload
hasa largeeffecton SCPI, sotheexpectedworkloadgreatlyaffectsthecachesizechoice. An examina-
tion of associativitydesignalternativesshowsthat 2-way set-associativityextractsmostof the advan-
tage of higher associativities.While associativityis useful for smaller secondarycaches,it is less
necessarywith multi-megabytecachesbecausedirect-mappedalreadyperformswell. LRU replacement
canimprovereplacementdecisions,but it alsocanhavean implementationcostfor higherassociativi-
ties, so randomreplacementmay be preferred. Chapter5 examinesseveralinexpensiveimplementa-
tions of associativity. It shows that the partial comparisontechniqueperforms well for smaller
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secondarycaches.TheMRU implementationalsoperformswell for thelargestsecondarycaches.

Chapter5 alsoexaminesdifferentsecondarycacheblock sizes. Its findingsaredifferent thanpre-
viousstudies:largerblock sizesarebetterfor multi-megabytecaches.It preferslargerblocksbecauseit
considerslarger cachesand different memorysystemparametersthan the previouswork. The block
sizewith equallatencyandtransfercomponentsis a gooddesignpoint, thoughblock sizechoicevaries
with cachesize. The SCPI-minimal block sizeis often within a factorof two of this designpoint, and
theSCPI at this designpoint is oftenneartheminimumSCPI for all block sizes.

Chapter5 finally looksat multi-level inclusiondesignoptions. It findsthat replacementdecisions
canaffect the frequencyof primarycacheinvalidationsneededto maintaininclusion,andthatsoftware
cacheconsistencymaybemoreappropriatethanhardwarecacheconsistency(with inclusion)in unipro-
cessorsbecauseof theincreasedcomplexityandperformancedegradationpotentialof inclusion.

To completethis dissertation,Chapter6 examinesthe interactionof virtual memory and set-
associativeCPU cachesanddevelopssoftwaretechniquesto improvecacheperformance.Cacheper-
formancecanonly be maximizedwith a combinationof both softwareandhardwaretechniques.For
multi-megabytereal-indexedset-associativecaches,the associativitydisparity of virtual memoryand
cachesimplies that theplacementof pagesin themainmemorydeterminestheindexingof pagesin the
cache. A simple model showsthat with a naive mappingof pagesto pageframes30% of the pages
from anaddressspacemaybeunnecessarilyin conflict (on average).It alsopredictsthat themostpage
conflictscanbeeliminatedat thepoint wheretheaddressspacesizeequalsthecachesize.

Chapter6 exploresthe designissuesof careful pagemappingpolicies that will eliminate these
conflicts. It introducesandexaminestwo simplepoliciesandtwo morecomplexones,andoutlinesthe
keypropertiesof each. AppendixA showsthatoneof them,Hierarchical,satisfiesthesize-independent
property. Chapter6 examinescarefulpagemappingusing trace-drivensimulation. The resultsshow
that carefulpagemappingcan reducethe frequencyof direct-mappedcachemissesby 10%-20%for
userreferences.Thus,at no hardwarecost,carefulpagemappingmakesa direct-mappedcacheappear
50%larger. Theresultsalsoshowthatcarefulpagemappingreducesthevariancein cacheperformance
for differentexecutionsof a workload,a desirabletrait. A comparisonof thedifferentpoliciesfor one
traceshowsthatBestBin choosesthe bestpagemaps,but it canbecostly. Hierarchicalis anefficient
variant that retainsmanyof the desirablepropertiesof BestBin, andproducescachesizeindependent
maps. Bin Hoppingworkswell, but PageColoringwithout anyhashingdoesnot. Chapter6 alsoshows
thatcarefully-mappedcacheperformanceis largely independentof pagesize,thatvirtual indexingwith
PID-hashinggives optimistic resultsas comparedreal-indexing,and that the maintenanceof a large
availablepageframepool cancausemorepagefaults.

7.2. Future Work

This sectionsuggestsareasfor futurework to complementthis research.This dissertationcontri-
butesto memorysystemperformanceanalysis,but rapid technologychangealwaysensuresthat new
researchavenuesopenup,sothereis alwaysmorework to bedone.

Oneimportantareafor further researchwould be moreandbettertraces. Chapter3 showedthe
dramaticchangesin cacheperformancefor differentworkloads. It would beusefulto havemanymore
workloadsto morepreciselycharacterizethedifferencesfor differentworkloads. Relatedto this would
bea studyto answerthequestion:is it betterto havefewerlong tracesor to usetracesamplingto trace
moreworkloadswith thesamenumberof references?Chapter4 showsthat samplingcanbeeffective.
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However,theanswerto this questionalsodependson theaccuracyandusageflexibility of thesamples,
andon whattheintendeduseof thesamplesis. In particular,regardingsetsampling,whatconstantbits
shouldbeused?With time sampling,how long of asampleis long enough?While INITMR in Chapter
4 successfullyeliminatesthecold-startbiaswhentherearemoreknownmissesthaninitialization refer-
ences,it would be useful to more preciselycharacterizethe relationshipbetweencold start and trace
length,andto find moresophisticatedtechniquesto eliminatethecold-startbiasin time samples.It also
would be useful to develop better techniquesthat use only the samplesthemselvesto establish
confidencelevels in the acquiredresults,andfind a moreaccuraterelationshipbetweenthe numberof
samples(or thetracedatafraction)andtheaccuracyof theresult.

An examinationof the methodologyusedto gatherthe traceswould be fruitful. The workloads
werechosenparticularlybecausetheywerelarge,hopefully to reflectcharacteristicssimilar to thelarge
workloads that will likely be common as high-performanceprocessorswith large main memories
becomeavailable. It is unclearhow well theseworkloadsreflectthe realworkloadsof multi-megabyte
caches.A comparisonof differentworkloadgatheringmethodologieswouldbevery interesting.

Relatedto thegatheringof traces,a seriousdeficiencyof thetracesis the lack of operatingsystem
references.TheMPI’s of mosttracesprobablywould increasewith operatingsystemreferences,sothe
conclusionswith operatingsystemreferencescoulddiffer from theconclusionswithout them.

Thereare severalways that the resultsof Chapter5 could be extended. It would be useful to
decidethe designrangethat is appropriatefor two-level cacheconfigurations,and when more cache
levelsareneeded.Furthermore,what is theeffectof primarycacheson thedesignandperformanceof
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
given workload,what cachesizeis largeenough?Thereis alsoalwaysthe needfor exploringa larger
designspacewith a wider variationin parametersbecauseparameterscanvary in differentimplementa-
tions.

Therearemanywaysthat theresearchin Chapter6 couldbeextended.A precisecharacterization
of the relationshipbetweenstatic pageconflictsand the resultingMPI of the addressspacewould be
useful. Therearemanyopportunitiesto developmoresophisticatedcarefulpagemappingfunctions. It
might be useful to discriminatebetweendifferent typesof pages,suchas codeand datapages. For
instance,onecouldminimizeconflictsbetweenpagesof thesametypein additionto minimizing theall
conflictswithin an addressspace.More sophisticatedbin choiceheuristicscould be usedby BestBin
andHierarchical. Anotherareawhereresearchshouldbedirectedis therelationshipbetweenpagepool
size and pagemiss frequency. This could help find the optimal pagepool size by trading off the
reducedcachemissfrequencywith theincreasedpagefault frequencyof a largerpool.

Multi-megabytecachespromiseto bea moreandmoreimportantcomponentof high-performance
memorysystemdesign. This thesisis aboutthe performanceanalysisand designof multi-megabyte
secondaryCPU cachememories. It is the first performanceevaluationof multi-megabytecaches.
Thoughtherearemanymorepossibilitiesfor further research,this dissertationis an importantstarting
point to understandmulti-megabytecaches.
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Appendix A

This appendixconsistsof a proof thatHierarchicalproducescachesizeindependentmappings(as
definedby Definition A.3).

First, this appendixformalizessomeof theconceptsthat aredevelopedin the text of the chapter.
A pagemappingfunctionplacesavirtual pagein a realpageframe. More formally:

Definition A.1. Page Mapping Function.

Givenacurrentmappingof virtual pagesto realpageframesandthepageframesavail-
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-associativeCPUcacheCC.

To understandmuchaboutthecacheeffectsof accessesto memorylocationswithin anaddressspace,it
is necessaryonly to know thebinsto which thepagesmap. Thepagemappingfunctioncaneasilylearn
thebin apageframeis in by examiningthebottombits of thepageframenumber,thebin bits:

Definition A.2. Page Frame and Cache Bin Correspondence.

Figure6.1 showsthat a pageframebelongsto a cachebin definedby the valueof its
bin bits. Thatis, thebin thatapageframepf will mapto in acacheCC is

bin (pf , CC) = pf mod2depth (CC),

wheredepth (CC) is the numberof bin bits for the given cache(given the pagesize).
Two pageframes,pf 1, pf 2, areequivalentwith respectto a cacheCC whentheir bin
bits areequivalent,

bin (pf 1, CC) = bin (pf 2, CC).

A formal statementof thesizeindependencepropertyis:
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Definition A.3. Cache Size Independent Mapping Function.

A pagemappingfunction MAP (vp, CC) producessize independentmappings(i.e. is
size independent)when MAP (vp, CC 2) choosesa pageframe that is equivalentwith
respectto CC 1 to MAP (vp, CC 1) for depth (CC 1) ≤ depth (CC 2) (depth (CC) is the
numberof bin bits in thecacheCC). Thatis,

bin (pf 2, CC 1) = bin (pf 1, CC 1)

(pf 2 = MAP (vp, CC 2) and pf 1=MAP (vp, CC 1)) for some arbitrary choicesby each
mappingfunction.

Effectively,sizeindependencerequiresthatthedecisionsmadeby themappingfunctionoptimizedfor a
largercachemustbeequivalentto thedecisionsmadeby thefunctionoptimizedfor asmallercache.

A formal definitionof aBit-ReversedBin 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-reversedfashionasshownin Figure6.14.
The valueof a leaf nodeis the numberof pageframes,eithermappedor available,in
thelabeledbin. Thevalueof aninterior nodeis thesumof thevaluesof its children. A
nodein thetreecanbeuniquelyidentifiedby thepair <x, l >, wherex is thelabelof the
node and l is the level of the node in the tree (0≤ l ≤ d, 0≤ x < 2l). Pageframes,
identified by their pageframe numberpf, map to node<x, l > when the bin bits are
equivalentto thenodelabel,that is, pf mod2l = x. Theroot nodeis <0, 0> andall page
framesmapto it.

This nodelabeling identifiesthe parentof node<x, l > by removingthe top bit of the l bit quantityx:
<x mod2l−1, l − 1> (l > 0) is theparent. It alsofindstheleft andright children(l < d) by addinga most
significantbit: <x, l + 1> and<x + 2l, l + 1> aretheleft andright child, respectively.

The nodeidentification in a BRBT showsthe refinementof the numberingwith increasingtree
level. At eachlevel, l, eachlabel canbe expressedasan l bit number. Furthermore,the pageframes
thatmapto a nodeof a BRBT arepartitionedinto thosethatmapto its left child andthosethatmapto
its right child. Everypageframethat mapsto the parentnodemustalsomapto a child. Furthermore,
anypageframethatmapsto a child (a pageframecanonly mapto onechild, not both)alsomustmap
to theparentnode. Given that thechildren(directdescendants)partition thepageframesmappingto a
node,all pageframesmappingto a sub-treenodealsomustmapto the sub-treeroot node. This is the
key refinementpropertythatallowsaBRBT to maintainsizeindependence.

TheoremA.1 saysthat thevalueof all nodesin a BRBT treeis thenumberof pageframesin the
labeledbin, an extensionof the statementin Definition A.4 that the leaf nodeshavethis property. Its
proofheavilydependson thepartitioningpropertiesof thelabelingof aBRBT.

Theorem A.1.

Thevalueof a nodein a BRBT of depthd (asdefinedin Definition A.4) is thenumber
of pagesthatmapto thatnode.
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Proof -

Let val (x, l) andcard (x, l) bethevalueof <x, l > andnumberof pageframesthatmap
to <x, l >, respectively.Theproof consistsof showingthatval (x, l) = card (x, l) for all
<x, l > andis by induction.

Basis -

By Definition A.4 val (x, d) = card (x, d) for all leafnodes<x, d >.

Induction -

Given that the condition holds for all nodes at level l + 1, in particular
val (x, l + 1) = card (x, l + 1) andval (x + 2l, l + 1) = card (x + 2l, l + 1) (the left andright
children) it is necessaryto show that val (x, l) = card (x, l) (0≤ l < d, 0≤ x < 2l). The
partitioningpropertyof thetwo childrenof anodeimpliesthat

card (x, l) = card (x, l + 1)+ card (x + 2l, l + 1).

Card (x, l) is simply thesumof thesetwo valuessincethedirectchildrenarea disjoint
partition of all the pageframesthat map to the nodeitself. Substituting,this implies
that

card (x, l) = val (x, l + 1)+ val (x + 2l, l + 1),

whichalsomeansthat

card (x, l) = val (x, l)

sincethevalueof a nodeis thesumof thevaluesof its children(Definition A.4). Since
x is arbitrary,theconditionholdsfor all nodesat level l. Thetheoremis completesince
by the basis clauseand a finite number of inductions val (x, l) = card (x, l) can be
showntruefor anynode<x, l >. «

TheoremA.1 is particularly useful sinceit showsthat the value of a nodeis dependentonly on the
numberof pagesmappingto a node,which is independentof thetreedepth. Thus,thevalueof aBRBT
node<x, l > is thesamein two BRBT’s thatareof differentdepths.

TheoremA.2 formally statesthe proof that Hierarchicalproducessize independentmappings. It
usesTheoremA.1 to showthat Hierarchical(usinga BRBT) will makethesameupperlevel decisions
independentof the treedepth. A taller treethenonly refinesdecisionsmadewith a shortertree. This
implies the largertreedecisionis equivalent(with respectto thesmallercache)to thedecisionwith the
smallertree.

Theorem A.2.

Hierarchical(as definedby the code in Figure 6.9 and the examplein Figure 6.13,
further defined in Figure 6.15) that uses a BRBT (Definition A.4) producessize
independentmappings(Definition A.3).

Proof -

The proof is in two parts. The first part is by induction and shows that both
MAP (vp, CC 1) (depth (CC 1) = d) and MAP (vp, CC 2) (depth (CC 2) = D, d ≤ D)
traversetheir treesdownwardalongthesamepathup to level d, providedtheymakethe
samearbitrarychoices.

Basis -



-- --

163

Both algorithmsstarttraversalat node<0, 0>, theroot of thecorrespondingused
andfreetrees.Theyassumethatthereis at leastoneavailablepage.

Induction -

Giventhat thetraversalpathis thesameup to node<x, l > at level l (l < d) in the
tree, it must be shownthat the sametraversaldirection is takeninto level l + 1.
This hingeson thepropertythat treevaluesmustbe thesame,independentof the
depthof thetree. Thesamepagesmapto theused(free)treesfor eachHierarchi-
cal Heuristicandthusthe nodevaluesof the different-sizedused(free) treesare
equivalent(TheoremA.1).

The codein Figure6.9 makesthe direction decisionbasedon the <used, free >
node values of the children of <x, l >. Right_free (left_free) and
right_used (left_used) are the valuesof the right (left) child of node
<x, l > in the freeandusedbin trees. Thus,eachversionof Hierarchicalwill call
the Choice() function with precisely the same parameterswhen at node
<x, l >.

Sincethereis at leastoneavailablepagein the sub-treerootedat <x, l >, either
right_free or left_free must be non-zero. The zero checkingof the
left_used and right_used variablesin thefirst two if clausesin Figure
6.9ensuresthat Choice() will alwayspick asub-treewith anavailablepage.

Thereare two further caseswithin the Choice() function that must be con-
sidered:

(1) Either right_free ≠ left_free or right_used ≠ left_used.
Here, the Choice() function will deterministicallydecidebasedon the
parametersof thefunction(ascapturedin thesix if clauses).Thedecision
will bethesamein eachcase.

(2) Otherwise. Choice() will arbitrarily decide(ascapturedin the else
clause)for bothheuristics.Thearbitrarydecisionscanbeassumedto bethe
same,ensuringthat Choice makesthe samedirection decisionin each
case.

Thus,theHierarchicalfunctionswill makethesamedecisionat node<x, l >.

Throughan applicationof the basisclauseandd applicationsof the inductive clause,
the HierarchicalheuristicsMAP (vp, CC 1) andMAP (vp, CC 2) canboth traverseto the
samenode<x, d > in the tree,providedthey makethe samearbitrary direction deci-
sions.

The proof now continuesby showingthat MAP (vp, CC 2) will refine its decisionsto
level D in the trees. During its downwardtraversalit will remainwithin the sub-tree
rootedat <x, d >. Thus, it will completeits traversalat a leaf node in this sub-tree
rootedat <x, d >. At thatpoint it will chooseanavailablepageframethatmapsto the
correspondingleaf 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, CC 1) andMAP (vp, CC 2) will choosea pageframethat
maps to <x, d > and satisfy the condition that bin (p, CC 1) = p mod2d = x. The
requiredresultthat

bin (MAP (vp, CC 1), CC 1) = bin (MAP (vp, CC 2), CC 1)

is reachedandthetheoremis complete.¬
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Appendix B

This appendixshowsthestatisticalsignificanceof the four-sampleMPI resultsusedin Chapter6.
The simulatorintroducesrandomnessinto a staticvirtual addresstraceby changingthe virtual to real
pagemapping. The goal is to determinethe (true) meanMPI over all HierarchicalandRandompage
maps. For eachtraceandcacheconfigurationthis truemeanis estimatedwith themeanof a sampleof

sizefour. Thetableswhich follow showtheestimatesof themeanMPI with Random(MPI­ ­(­(­ random) and

Hierarchical(MPI® ®(®(® Hierarchical). Theyalsoshowthefour-samplemedians.TheyalsoshowtheHierarchi-

cal reduction(100%× (MPI¯ ¯(¯(¯ random − MPI° °(°(° Hierarchical)/MPI± ±(±(± random).

The samplemeansaremost useful,however,if it is likely that they are closeto the true mean
MPI. 90% confidenceintervals measurethis likelihood. This appendixcalculates90% confidence
intervalsusingthe techniquesdescribedin Section2.5. The width of thesestudent-tconfidenceinter-
vals is proportional to the four-samplestandarddeviation. For any particular sample, the 90%
confidenceinterval may or may not contain the true meanof the distribution. It is called a 90%
confidenceinterval becauseit containsthe truemeanfor 90%of all possiblesamples.But aretheMPI
simulationresultsnormally-distributed?(One might think so becauseeachis the sum of the per-set
MPI for thousandsof setsover a very long trace.) This is an importantquestionbecausethe student-t
confidenceintervalsassumenormally-distributedsamples.

To testwhetherthesefour-sampleconfidenceintervalsaremeaningful,with onetrace(Mult2.2)
andonecacheconfiguration(4-megabytedirect-mapped),a sampleof sizeof sizethirty wasgathered
for (a) randommappingand (b) Hierarchicalmapping. For eachof (a) and (b), the true meanwas
estimatedby themeanof all thirty simulations(this canbedonewith reasonableconfidencebecausethe
thirty-sample90%confidenceinterval is (a)±0.34%and(b) ±1.6%abouttheestimatedmean). All pos-
sible unique selectionsof four samplesfrom these thirty were examined. The four-sample90%
confidenceintervalssuccessfullycontainedthe thirty-samplemean(a) 92% and (b) 88% of the time.
While this testwasonly for onetrace,it supportsthe accuracyof thesefour-sampleconfidenceinter-
vals.

Thus,in addition to the means,the tableswhich follow give the 90% confidenceintervals. The
resultsshowthat the confidenceintervalsaresmall. For example,71% of the randommappinginter-
vals and86% the Hierarchicalintervalsextendlessthan ±5% from the estimatedmean. The random
mappingintervalsarenot quiteastight asHierarchicalbecausepoor randompageplacementcanmore
greatlyvary thesimulationMPI.
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² ²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²�²
Secondary Cache MPI××1000Confidence Intervals (Mult1)³ ³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³³ ³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³�³

Configuration Random Hierarchical´ ´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´�´ Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median Reductionµ µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ�µ
1 1.8199± 0.1879 1.7851 1.5827± 0.0258 1.5891 13.0%
2 1.2648± 0.0236 1.2561 1.2093± 0.0089 1.2110 4.4%1M
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%
2 0.5757± 0.0087 0.5747 0.5526± 0.0052 0.5534 4.0%4M
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%
2 0.2893± 0.0024 0.2895 0.2730± 0.0020 0.2725 5.6%16M
4 0.2716± 0.0021 0.2718 0.2619± 0.0008 0.2620 3.5%¸ ¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸�¸¹¹¹
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Secondary Cache MPI××1000Confidence Intervals (Mult1.2)º º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�ºº º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º�º

Configuration Random Hierarchical» »�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�»�» Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median Reduction¼ ¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼�¼
1 1.7477± 0.1878 1.6843 1.6305± 0.3856 1.4797 6.7%
2 1.2540± 0.0106 1.2521 1.2035± 0.0108 1.2002 4.0%1M
4 1.1343± 0.0091 1.1362 1.1102± 0.0061 1.1103 2.1%½ ½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½�½
1 0.8880± 0.1837 0.8471 0.8596± 0.3898 0.6952 3.2%
2 0.5873± 0.0082 0.5863 0.5615± 0.0023 0.5617 4.4%4M
4 0.5405± 0.0026 0.5403 0.5302± 0.0014 0.5303 1.9%¾ ¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾�¾
1 0.4753± 0.1925 0.4043 0.3343± 0.0173 0.3362 29.7%
2 0.2966± 0.0033 0.2954 0.2788± 0.0051 0.2797 6.0%16M
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Secondary Cache MPI××1000Confidence Intervals (Mult2)Á Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�ÁÁ Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á�Á

Configuration Random HierarchicalÂ Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â�Â Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median ReductionÃ Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã�Ã
1 1.5687± 0.1535 1.5419 1.2742± 0.0224 1.2707 18.8%
2 1.0944± 0.0217 1.0969 1.0076± 0.0036 1.0077 7.9%1M
4 0.9749± 0.0047 0.9761 0.9417± 0.0022 0.9412 3.4%Ä Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä�Ä
1 0.7360± 0.1067 0.6967 0.6314± 0.0230 0.6284 14.2%
2 0.5462± 0.0056 0.5476 0.5212± 0.0022 0.5215 4.6%4M
4 0.5152± 0.0021 0.5153 0.5018± 0.0005 0.5018 2.6%Å Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å�Å
1 0.3352± 0.0109 0.3329 0.2931± 0.0047 0.2941 12.6%
2 0.2599± 0.0015 0.2597 0.2392± 0.0010 0.2390 8.0%16M
4 0.2427± 0.0022 0.2423 0.2294± 0.0003 0.2293 5.5%Æ Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�Æ�ÆÇÇÇ
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È È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È�È
Secondary Cache MPI××1000Confidence Intervals (Mult2.2)É É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�ÉÉ É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É�É

Configuration Random HierarchicalÊ Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê�Ê Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median ReductionË Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë�Ë
1 1.4953± 0.1264 1.4873 1.1858± 0.0205 1.1884 20.7%
2 1.0480± 0.0186 1.0409 0.9805± 0.0049 0.9824 6.4%1M
4 0.9593± 0.0038 0.9589 0.9289± 0.0014 0.9291 3.2%Ì Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì�Ì
1 0.7121± 0.0428 0.7104 0.5982± 0.0062 0.5976 16.0%
2 0.5375± 0.0091 0.5355 0.5101± 0.0027 0.5106 5.1%4M
4 0.5079± 0.0033 0.5088 0.4938± 0.0009 0.4940 2.8%Í Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í�Í
1 0.3339± 0.0235 0.3254 0.2820± 0.0069 0.2824 15.6%
2 0.2539± 0.0034 0.2542 0.2326± 0.0021 0.2333 8.4%16M
4 0.2371± 0.0041 0.2369 0.2226± 0.0006 0.2225 6.1%Î Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�ÎÏÏÏ
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Î Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î�Î
Secondary Cache MPI××1000Confidence Intervals (Tv)Ð Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�ÐÐ Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð�Ð

Configuration Random HierarchicalÑ Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ�Ñ Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median ReductionÒ Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò�Ò
1 3.3632± 0.1861 3.3093 3.2713± 0.1084 3.2610 2.7%
2 2.4658± 0.0214 2.4633 2.4919± 0.0536 2.4900 -1.1%1M
4 2.3055± 0.0094 2.3017 2.2997± 0.0052 2.3006 0.2%Ó Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó�Ó
1 2.1151± 0.0549 2.1263 2.0682± 0.0268 2.0684 2.2%
2 1.8294± 0.0079 1.8271 1.8108± 0.0067 1.8103 1.0%4M
4 1.7800± 0.0037 1.7802 1.7772± 0.0045 1.7764 0.2%Ô Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô�Ô
1 1.1899± 0.0062 1.1888 1.1589± 0.0293 1.1513 2.6%
2 1.0337± 0.0043 1.0337 1.0171± 0.0051 1.0170 1.6%16M
4 0.9910± 0.0027 0.9910 0.9779± 0.0031 0.9768 1.3%Õ Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�ÕÖÖÖ
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Õ Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ�Õ
Secondary Cache MPI××1000Confidence Intervals (Sor)× ×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×× ×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×�×

Configuration Random HierarchicalØ Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø�Ø Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median ReductionÙ Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù�Ù
1 14.9794± 0.0211 14.9757 14.8567± 0.0284 14.8627 0.8%
2 14.7033± 0.0299 14.6937 14.6402± 0.0053 14.6401 0.4%1M
4 14.5816± 0.0152 14.5774 14.5507± 0.0040 14.5496 0.2%Ú Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú�Ú
1 9.4718± 0.0983 9.4729 8.3389± 0.1115 8.3545 12.0%
2 8.6826± 0.0581 8.6821 8.0557± 0.1145 8.0312 7.2%4M
4 8.3524± 0.0291 8.3509 8.0611± 0.0323 8.0529 3.5%Û Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û�Û
1 4.2208± 0.3183 4.1976 2.7843± 0.1638 2.7574 34.0%
2 2.8435± 0.1069 2.8471 2.1481± 0.0824 2.1383 24.5%16M
4 2.4179± 0.1447 2.3788 2.0743± 0.0197 2.0754 14.2%Ü Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�Ü�ÜÝÝÝ
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Secondary Cache MPI××1000Confidence Intervals (Tree)ß ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ßß ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß�ß

Configuration Random Hierarchicalà à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à�à Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median Reductioná á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á�á
1 3.9061± 2.0853 3.3053 2.4720± 0.0573 2.4855 36.7%
2 2.0930± 0.0580 2.1085 1.9738± 0.0516 1.9561 5.7%1M
4 1.8580± 0.0494 1.8476 1.8573± 0.0584 1.8392 0.0%â â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â�â
1 1.2112± 0.2466 1.1478 0.9124± 0.0286 0.9174 24.7%
2 0.7179± 0.0292 0.7124 0.5934± 0.0284 0.5848 17.3%4M
4 0.5292± 0.0218 0.5260 0.4932± 0.0119 0.4897 6.8%ã ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã�ã
1 0.5416± 0.2284 0.4682 0.3771± 0.0292 0.3805 30.4%
2 0.2914± 0.0194 0.2859 0.2706± 0.0047 0.2707 7.1%16M
4 0.2579± 0.0008 0.2578 0.2545± 0.0002 0.2544 1.3%ä ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�äååå
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ä ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä�ä
Secondary Cache MPI××1000Confidence Intervals (Lin)æ æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�ææ æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ�æ

Configuration Random Hierarchicalç ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç�ç Hierarchical

Size Assoc. 90%Confidence Median 90%Confidence Median Reductionè è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è�è
1 1.1481± 0.0107 1.1511 1.1609± 0.0021 1.1616 -1.1%
2 1.0806± 0.0037 1.0800 1.0938± 0.0010 1.0935 -1.2%1M
4 1.0611± 0.0030 1.0613 1.0766± 0.0005 1.0766 -1.5%é é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é�é
1 0.5277± 0.0263 0.5264 0.3564± 0.0283 0.3488 32.5%
2 0.3103± 0.0392 0.3054 0.1307± 0.0234 0.1230 57.9%4M
4 0.1557± 0.0275 0.1567 0.0494± 0.0108 0.0452 68.2%ê ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê�ê
1 0.1532± 0.0230 0.1529 0.0689± 0.0063 0.0692 55.0%
2 0.0416± 0.0101 0.0438 0.0217± 0.0038 0.0204 47.8%16M
4 0.0179± 0.0006 0.0178 0.0167± 0.0000 0.0167 6.7%ë ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ë�ëììì
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