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Abstract

Detailedmicroarchitectural simulators are not well suited
for exploring large designspacesdue to their excessivesim-
ulation times. We introduceAXCIS,a framework for fast and
accurate designspaceexploration. AXCISachievesfast sim-
ulation timesby exploiting repetitionsin programbehaviorto
reducethenumberof instructionssimulated.For each dynamic
instructionencountered during an initial full run of a bench-
mark,AXCISbuilds an instruction segment, which concisely
representperformance-criticalinformation. AXCISthencom-
pressesthe string of dynamicsegmentsinto a table of canon-
ical instructionsegments(CIST) to give a compactrepresen-
tation of the entire benchmark trace. Given a precomputed
CISTanda targetmicroarchitecturecon�guration,AXCIScan
quickly and accurately estimateperformancemetricssuch as
instructionsper cycle(IPC). For the SPECCPU2000bench-
marksandall simulatedcon�gurations,AXCISachievesanav-
erage IPC error of 2.6%.Whilecycle-accuratesimulatorscan
take manyhours to simulatebillions of dynamicinstructions,
AXCIScancompletethesamesimulationonthecorresponding
CISTwithin seconds.

1. Intr oduction

In theearlystagesof processordesign,computerarchitects
areoftenfacedwith avery largedesignspace.Althoughcycle-
accuratesimulationis effectiveandwidely usedfor evaluating
differentprocessorcon�gurations,longsimulationtimesalong
with shorttime-to-marketseverelyconstrainsthenumberof de-
signpointsexplored.Currentdetailedsimulatorsarethousands
of timesslowerthannativehardware.For example,thepopular
simulatorsim-outorder from theSimpleScalartool set[3]
simulatesat around0.35MIPS on a 1.7GHz Pentium-4[1].
Benchmarksare also growing in size and complexity to bet-
terapproximatereal-world applications,furtherextendinglong
simulationtimes.

Detailedsimulatorsare slow becausethey simulateevery
instructionin a program's dynamictrace. To improve simu-
lation time, researchershave proposedtechniquesto decrease
the numberof simulatedinstructions. Oneapproachreduces
a program's input set to executea smallerdynamictrace[6],

but studieshave shown that programbehavior can vary sig-
ni�cantly betweentheoriginal andreducedinput sets[6, 17].
Another techniqueis sampling[12, 16], whereonly selected
portionsof the entireprogramexecutionaresimulatedin de-
tail andinstructionsbetweendetailedsamplingpointsaresimu-
latedatafunctionallevel to warmmicroarchitecturalstate[16].
Sampling,in this form, is relatively accuratebut still too slow
for initial designspaceexploration wherethousandsof con-
�gurations areexplored. However, morerecentwork [2, 15]
hasshown thatcheckpointingcansigni�cantly reducethesim-
ulation time of sampling,down to a few minutesper bench-
mark. Statisticalsimulationtechniques[4, 9, 11] simulateon
synthetictracesgeneratedafter pro�ling full programexecu-
tions. Thesesynthetictracesareseveral ordersof magnitude
smallerthanthe original dynamictraces,enablingrapid large
designspacestudies. Statisticalsimulationtechniquesapply
variousheuristicsto reducethe numberof statisticalparame-
ters recordedduring tracepro�ling, while attemptingto cap-
tureenoughprogramcharacteristicsto generaterepresentative
tracesfor subsequentdynamicsimulation. In particular, many
combinationsof eventsmaybesimplymodeledasindependent
distributionsbecausetrackingjoint probabilitiesis too expen-
sive. In addition,thesetechniquesrequirean empiricaldeter-
minationof convergencefor differentbenchmarksandmachine
con�gurations.

In thispaper, wepresentAXCIS (ArchitecturaleXploration
using CanonicalInstructionSegments),a framework for fast
andaccurateearly-stagedesignspaceexploration. AXCIS re-
ducessimulation time by compressinga program's dynamic
trace into a form that can model many different machines.
AXCIS performscompressionandperformancemodelingus-
ing a new primitive calledtheinstructionsegmentto represent
the context of eachdynamicinstruction,including all impor-
tant dependencies.As shown in Figure 1, AXCIS is divided
into two stages:dynamictracecompressionandperformance
modeling.

The Dynamic Trace Compressor(DTC) identi�es all in-
structionsegmentswithin the dynamictraceand compresses
theseinto a CanonicalInstructionSegmentTable (CIST). In
order to capturelocality eventswithin instructionsegments,
partially-speci�edbranchpredictorsandcachesaresimulated.
However, only the organizationsof thesestructuresarespec-
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Figure 1. AXCIS Simulation Framework.

i�ed at this stageandnot their latencies,allowing the gener-
atedCISTs to modelmultiple designs.To performcompres-
sion, the DTC compareseachnew dynamicsegmentagainst
existing CIST entries,and either incrementsthe count of an
existing entry if a match is found or addsthe new segment
to the CIST if not. The CIST representationeffectively cap-
turesa largesetof joint probabilitiesin thetrace,includingoc-
currencesof dynamically-establisheddependenciesthat cross
many basicblocks. CIST generationcanalsobe adjustedto
tradesimulationspeedfor accuracy by varyingtheDTC com-
pressionscheme. We explore threecompressionschemesin
this paper.

The AXCIS PerformanceModel (APM) quickly estimates
performancein termsof instructionsper cycle (IPC) for each
processordesign,givena CIST anda setof microarchitecture
con�gurations.TheCIST formatis designedsuchthata single
lineardynamicprogrammingpassover theCISTentriescalcu-
latesperformancefor a given designpoint. Unlike statistical
simulationtechniques,AXCIS doesnot requiredynamicsim-
ulation until convergence.BecauseCISTsaresmall andvery
representative of full dynamictraces,AXCIS is over four or-
dersof magnitudefasterthanconventionaldetailedsimulation.
AXCIS reducesthesimulationtime of billions of dynamicin-
structionsto afew seconds,while achieving anaverageIPCer-
ror of 2.6%on SPECCPU2000benchmarks[14]. We propose
AXCIS asa complementto cycle-accuratesimulation,where
AXCIS can quickly identify regions of interestto be further
exploredin detail.

2. Machine Model

We apply AXCIS to characterizein-ordersuperscalarpro-
cessors,whichrepresentthevastmajorityof new processorde-
signs,especiallyfor embeddedapplications.In-ordercoresare
also becomingmore popular in general-purposeapplications
with the emergenceof chip multiprocessors,which empha-
sizethread-level throughputover singlethreadedperformance
andhave stricterper-coreareaandpower constraints.For ex-
ample,Sun's UltraSPARC IV, Intel's Montecito, and Broad-

com'sBCM1480all containmultiple in-ordercores.This sec-
tion describesthe classof machinesmodeledby AXCIS and
highlightsthe machinecharacteristicsthat affect performance
throughdata,structural,andcontrol �o w hazards.As shown
in Figure2, we modelin-ordersuperscalarswith blockingL1
instructioncaches,non-blockingL1 datacaches,andbimodal
branchpredictors. The parameterizablemachinecharacteris-
ticsaredrawn with dashedlinesandlabeledin parentheses.

Functional-unit,cache,and memory latenciesas well as
the cacheorganizationdeterminewhen data hazardsoccur.
We only modelread-after-write (RAW) dependenciesbecause
write-after-read(WAR) andwrite-after-write (WAW) hazards
are generallyeliminated in well-designedin-order pipelines
with synchronizedwritebacksandbypassnetworks. Cacheor-
ganizationparametersinclude the numberand size of cache
lines,associativity, andreplacementpolicy. Thenumberof spe-
ci�c units andissuewidth determinewhenstructuralhazards
occur, while branchpredictorsize and mispredictionpenalty
affectperformancethroughcontrolhazards.

Blockingcachesstall theprocessoruntil acachemissis ser-
viced by the memorysystem,while non-blockingcachesal-
low later instructions(even cachemisses)to issuebeforeear-
lier onesarebackfrom memory. Nonblockingcachesaredif-
�cult to modelbecausethey inducelong-rangedependencies
betweenmemoryinstructionsto differentaddresses.In non-
blockingcaches,themaximumnumberof outstandingmemory
requestsisdeterminedby thenumberof primaryandsecondary
misstags. Primarymisstagstrack the uniquecachelines be-
ing servicedby thememorysystem,while secondarymisstags
trackadditionalmemoryrequeststo cachelinesrecordedby the
primarymisstags.Correspondingly, a primary missis the�rst
missto a cacheline, anda secondarymissis a missto theline
of anearlierprimarymiss.Structuralhazardsoccurwhennone
of theassociatedmisstagsareavailablewhena cachemissis
evaluatedfor issue.Sinceprimarymisstagshavealargereffect
onperformancethansecondarymisstags,AXCIS modelsnon-
blockingdatacacheswith aparameterizablenumberof primary
misstags,while assuminganin�nite numberof secondarymiss
tagsfor simplicity.

3. Instruction Segmentsand CISTs

During dynamic tracecompression,AXCIS builds an in-
structionsegment for every dynamicinstructionto represent
its performance-criticalprogramcharacteristics.The instruc-
tion segmentof a dynamicinstructioncontains(1) all preced-
ing instructionsaffectingits performance,(2) its instructionde-
pendencies,and(3) its locality characteristics(i.e. cacheand
branchbehaviors). A segmentbeginswith theproducerasso-
ciatedwith theinstruction's longestdependency andendswith
theinstructionitself, termedthede�ning instructionof theseg-
ment.Instructionswithin segmentsareabstractedinto instruc-
tion types: integerALU, integerand�oating-point multiplies,
integerand�oating-point divides,�oating-point add,�oating-
point compare,�oating-point to integer conversion,�oating-
point squareroot, loadcachehit, loadcachemiss,storecache
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Figure 2. Class of machines suppor ted by AXCIS.
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hit, storecachemiss, and nop. Figure 3 shows a sequence
of dynamicinstructionsandtheir instructionsegments,which
may overlap. Dependenciesbetweeninstructionsare repre-
sentedby arrows,andtheinstructionsegmentfor thest miss
instructionis highlighted.

Dependenciesexist betweentwo instructionsif the earlier
instructiondirectly affectsthe performance,measuredin stall
cycles,of the later instruction. Stall cyclesarede�ned asthe
numberof elapsedcyclesstartingfrom whenan instructionis
�rst evaluatedfor issueup to when it actuallycan issue. In-
structionsegmentsrecordthefollowing typesof dependencies:
(1) RAW datadependencies,(2) program-orderdependencies,
(3) cache-linedependencies, and(4) primary-missdependen-
cies. Thedependenciesof eachinstructionarerepresentedasa
setof dependencedistances, whereeachdependencedistance
is the numberof dynamicinstructionsstartingfrom the pro-

ducerdown to, but not including,theconsumerassociatedwith
thedependency.

RAW andprogram-orderdependenciesareinherentwithin
theprogram.Program-orderdependenciesform betweencon-
secutive dynamicinstructions.They allow AXCIS to maintain
the original dynamicinstructionsequenceswithin CISTsand
identify structuralhazardsduringperformancemodeling.

Locality eventsfor thedatacachearecapturedusingcache-
line andprimary-missdependenciesthat areidenti�ed during
tracecompressionwhena partially-speci�ednonblockingdata
cacheis functionallysimulated.By notspecifyingcachelaten-
ciesor thenumberof primarymisstagsduringsimulation,each
CISTcanmodelmany cachecon�gurations.Cache-linedepen-
denciesaredatadependenciesthatform betweenconsumerin-
structions,usingthevalueproducedbynonprimary-misscache
accesses,and the most recentprimary miss to the requested
cacheline. Givena machinedesign,thesedependenciesallow
theAXCIS performancemodelto calculatethe latency of the
non primary miss cacheaccessby determiningwhetherit is
a secondarymissor a cachehit. Primary-missdependencies
form betweenconsecutiveprimarymissesandallow AXCIS to
detectstructuralhazardson theprimarymisstags.

Using the Alpha instruction set, Figure 4 shows all four
typesof dependenciesin the tracesamplefrom Figure 3. A
cache-linedependency exists betweeninstructions1 (Ins 1)
and 5 (Ins 5) becauseIns 1 affects the stall cycles of Ins 5.
Ins 5 cannotissueuntil instruction4 (Ins 4) producesits value,
which dependson whenline A is fetchedinto thecache.This
is determinedby whenIns 1 (theprimarymissto line A) is is-
sued.NoticethatIns 4 is notdependentonIns 1 becauseIns 1
doesnotaffectwhenIns 4 issues.A primarymissdependency
existsbetweeninstructions2 (Ins 2) and6 (Ins 6) becausethe
stallsof Ins 6 dependon whethera primary misstag is avail-
ablewhenit is evaluatedfor issue,which canbederivedfrom
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ldq r10 addr1

ldq r1 addr2 

addq r2 r0 immediate

ldq r3 addr3 

mulq r4 r3 immediate

stq r4 addr4 
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Figure 4. Dynamic instruction sequence with depen­
dencies.
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thestateof themisstagsafterIns 2 issues.
To maintain reasonablesegment lengths, AXCIS only

recordsthedependenciesof primaryconsumers, whicharethe
�rst instructionsto experiencestallsdueto theproducer. Be-
causewe model in-ordermachines,we do not needto record
dependenciesonnon-primaryconsumersasthey will not intro-
duceany additionalstalls. We alsodiscarddependenciesthat
spanmorethan512dynamicinstructions,astheserarelycause
stallsandremoving themincreasescompressibility.

The CIST is maintainedas an orderedarray of CIST en-
tries,whereeachentry consistsof an instructionsegmentand
a frequency count recordinghow often the segmentoccurred
in the dynamicprogramtrace. Instructionsegmentswithin a
CISTareuniqueandareorderedbasedontheir �rst occurrence
in the dynamictrace. Eachinstructionsegmentin the CIST
contributesonenew instruction,thede�ning instructionof the
segment. Becauseinstructionsegmentsoverlap, a particular
instructionmay be in multiple CIST entries. Figure5 shows
theCIST correspondingto a sequenceof dynamicinstructions
(numberedin programorder)and their instructionsegments.
In this simpleexamplenoneof thesegmentsshown arecanon-
ically equivalentto eachother, sonocompressionoccurs.Note
that theCIST alsorecordsthetotal numberof instructionsan-
alyzedduringtracecompression.

Instructioncacheand branchpredictor locality eventsare
capturedby functionallysimulatingtheir correspondingstruc-
turesduring tracecompression.For eachdynamicinstruction,
AXCIS determinesif it hit in the instructioncache,if it was
correctlypredicted,andif it follows a taken branch.Like the
datacache,only theorganizationsof thesestructuresarespec-
i�ed duringsimulation,allowing theCIST to supporta variety
of instructioncachesand branchpredictorsthat differ in ac-
cesslatenciesandmispredictionpenalties.CISTscanbemade
moregeneralbysimultaneouslysimulatingmultiplecachesand
predictorsduring trace compressionto createdifferent seg-
mentsfor thesamedynamicinstruction.Thenall segmentscan
becompressedinto onemulti-con�guration CIST, whereeach
CIST entryhasa separatefrequency countfor eachcacheand
branchpredictorcon�guration.

4. Dynamic TraceCompressor

TheDynamicTraceCompressor(DTC) functionallysimu-
latesthebenchmarkandcreatesaninstructionsegmentfor each
dynamicinstruction.Compressionoccurswhenanew segment
is determinedto beequivalentto anexistingonein theCIST. In
thiscase,theDTC incrementstheexistingsegment'sfrequency
count.Otherwise,thenew segmentis addedto theCIST.

In an ideal compressionscheme,two instructionsegments
areonly compressedtogetherif their de�ning instructionswill
experiencethesamesetof stallsfor all machinecon�gurations.
In this case,therewill beno lossof accuracy dueto compres-
sion.Sinceit is impracticalfor theDTC to determinethesetof
all possiblestallsfor everyinstructionunderall con�gurations,
we proposethreeheuristiccompressionschemesthat approx-
imatethe ideal schemewith differenttradeoffs betweencom-
pressionandaccuracy:

Limit Con�gurations-Based Compression Scheme. The
intuition behindthis limit-basedschemeis that if instruction
segmentshave thesamestall cyclesin two very differentcon-
�gurations, thenthey aremorelikely to have thesamestall cy-
clesin all con�gurations.In thisscheme,theDTCsimulatesthe
minimumandmaximummicroarchitecturecon�gurationsthat
will besimulatedwith theresultingCIST to calculate,for each
dynamicinstruction,a pair of stall cyclesandstructural occu-
panciesto approximateits setof all possiblestalls. Structural
occupanciesaresnapshotsof microarchitecturalstate(e.g.,is-
suegroupsize)at the time an instructionis evaluatedfor is-
sue.Two segmentsarecompressedif theirde�ning instructions
have the same(1) instructiontypes,(2) min/maxstall cycles,
and(3) min/maxstructuraloccupancies.

RelaxedLimit Con�gurations-BasedCompressionScheme.
In this relaxedlimit-basedscheme, only the de�ning instruc-
tion typesandmin/maxstallsarecomparedfor equality. By
not comparingstructuraloccupancies,this relaxedschemecan
result in highercompressionbut lower accuracy comparedto
thelimit-basedscheme.
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Instruction Segment Characteristics-Based Compression
Scheme. The intuition behind this characteristics-based
schemeis that if instructionsegmentslook thesame(i.e. have
the sameinstruction segment characteristics),then they are
morelikely to have the samenumberof stall cyclesunderall
con�gurations. In this scheme,two segmentsareequalif they
have (1) equivalentsegmentlengths,(2) identical instruction
typesfor eachinstructionin thesegment,(3) identicalinstruc-
tion cacheand branchprediction locality characteristicsfor
eachinstructionin thesegment,and(4) equivalentdependence
distancesfor all but the�rst instructionin thesegment.

By varying the compressionscheme,the DTC can adjust
CIST sizeandaccuracy without affecting theoperationof the
performancemodel.Becausedifferenttypesof benchmarkdif-
fer in their characteristicsandinstructionsegmentpro�les, we
foundthateachcompressionschemeperformedbest(in terms
of speedand accuracy) for somedifferent subsetof the 24
SPECCPU2000benchmarksstudied.

5. AXCIS PerformanceModel

The APM performsa single linear dynamicprogramming
passover the instructionsegmentsin a CIST to computethe
performanceof a processorcon�guration. Performancecanbe
expressedin instructionspercycle (IPC)as:

IPC �

Total Ins
Total Ins

�

Total EffectiveStall Cycles
(1)

wherethe denominatorequalstotal cycles. Becausethe total
numberof instructionsis recordedin theCIST, themainjob of
theAPM is to calculatethetotal effectivestall cycles.

Eachinstructionin the CIST experiencessomenumberof
effectivestall cyclesdue to its dependencies.The APM cal-
culatesthe total effective stall cyclesby taking thesumof the
effective stall cyclesof eachde�ning instructionin the CIST
weightedby thefrequency countsof thecorrespondinginstruc-
tion segments,asfollows:

Total EffectiveStall Cycles � (2)
CIST Size

å
i � 1

Freq(i) �

EffectiveStall Cycles(DefIns(i))

wherei indexesover instructionsegments.
Usingdynamicprogramming,theAPM traversestheCIST

andanalyzeseachinstructionsegmentin order. For eachseg-
ment,theAPM needonly calculatethestallcyclesof thede�n-
ing instructionbecausethoseof earlierinstructionsin theseg-
menthavealreadybeencalculated.Usingthisef�cient method,
theamountof work requiredto calculatethetotal effectivestall
cyclesis directlyproportionalto thenumberof segmentsin the
CIST, which canbemany thousandsof timessmallerthanthe
totaldynamicinstructionsin theoriginal trace.

Theeffectivestallcyclesof aninstructionaredeterminedby
its (1) datadependencies,(2) functional-unitstructuralhazards
(3) primary-misstag structuralhazards,and (4) control �o w

Dependence 
Distance = 1

MAX { �1, [ Latency(int_ALU) = 3 ] � 

ld_miss

int_ALU

ld_hit

int_ALU

st_miss

0
�1
0
�1

max( ? = 2 )

ProgOrd
Dep Dep

PrimMissData
Dep

Net Stall
Cycles

= 0 ] }

[ Dep_Dist = 1 ] �

[ Intermediate
Ins Stalls = 2 data dep stalls

Figure 6. Calculation of stall cyc les from data depen­
dencies.

eventsfrom the instructioncacheandbranchpredictor. Each
of thesefactorscausessomenumberof stallcycles(positive,0,
or � 1). If aninstructionis in�uencedby morethanonefactor,
its effectivestall cyclesarethemaximumof all its stall cycles.
Whenan instructionissuesin parallelwith oneor morepre-
cedinginstructions,its effectivestall cyclesaresetto � 1. This
allows the total effective stall cyclesto be negative to achieve
an IPC greaterthan1. In the following, we describehow to
computethestallscausedby eachfactor.

Data Dependencies. Data dependenciesinclude RAW and
cache-linedependencies,whosestall cyclesareexpressedby
thefollowing equation:

Data Dep Stalls� consumer��� (3)

MAX[ � 1 � Latency� producer�	� Dep Dist �

consumer
 1
å

i � producer� 1
EffectiveStall Cycles� insi � ]

The latency of the produceris provided by the input con�g-
uration,andthe dependencedistanceis recordedwith the in-
struction. The effective stallsof the intermediateinstructions
betweentheproducerandconsumer(EffectiveStall Cyc� insi � )
have alreadybeencalculatedandcanbe looked up in earlier
segmentsin theCIST.

Figure 6 calculatesthe data dependency stalls for the
st miss de�ning instruction. The producerassociatedwith
thedatadependency is the latestint ALU instruction,which
is a distanceof 1 away from the st miss . Assumingthat
ALU instructionstake 3 cyclesto complete,thest miss ex-
periences2 datadependency stalls.

Functional-Unit Structural Hazards. To detectstructural
hazardson issuewidth and functional units, the APM mod-
els the relevant microarchitecturalstateassociatedwith each
instructionusingissuegroupandfunctional-unitstructural oc-
cupancies. An issuegroupoccupancy is anintegerrepresenting
thenumberof instructionsin anissuegroup.A functional-unit
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Figure 7. Calculation of stalls from functional­unit
structural hazards.

occupancy is an arrayof integers,whereeachelementrepre-
sentsthenumberof unitsallocatedfor a particularinstruction
typein theissuegroup.

Using the samesegmentasbefore,Figure7 calculatesthe
stallsof thest miss instructionarisingfrom functional-unit
structuralhazards.First, theoccupanciesof thest miss are
initialized to matchthoseof theproducerof theprogram-order
dependency (the latestint ALU instruction). ThentheAPM
identi�es any structuralhazardsby comparingthemodeledoc-
cupancieswith themachineparametersin theinput con�gura-
tion. In this example,thereis an availableLSU andenough
issuebandwidthto allow thest miss to issuein thecurrent
issuegroup. Thereforethe functional-unit structuralhazard
stallsareset to � 1. However, if structuralhazardshadbeen
detected,thesestallswould have beensetto 0, indicatingthat
theinstructionissuesin anew group.Currently, weonly model
fully pipelinedfunctionalunits,but we canextendtheAPM to
modelpartially pipelinedunitsby applyingthetechniqueused
to modelprimary-misstagsdescribedbelow.

Primary-Miss TagStructural Hazards. To detectstructural
hazardson the primary-misstags,the APM modelsprimary-
misstag occupancieswhich arearraysthatcapturethestateof
theprimary misstagswhenan instructionissues.Thesizeof
eacharraycorrespondsto thenumberof primary misstagsin
the con�guration, andeachelementrepresentsthe numberof
cyclesuntil thetagbecomesavailable.

Continuingwith our example,Figure8 calculatesthestalls
of the the st miss arising from primary miss tag structural
hazards. First, the miss tag occupancy is initialized to that
of theproducerassociatedwith theprimary-missdependency,
which in this caseis the ld miss . After initialization, the
APM updatesthemisstagoccupancy to correspondto thecur-
rent cycle, insteadof the cycle the ld miss was issued. To
do this, theAPM computesthenumberof elapsedcyclessince
theld miss wasissuedby summingthedependencedistance
to theld miss (4) with thenetstallsexperiencedby all inter-

30 60499

max( 2, 
� 1,
? = 28 )

30 60499

tag 3tag 1 tag 2

(3 tags)

�1

0ld_miss

Primary�miss tag

Occupancy

0

�1

int_ALU

ld_hit

int_ALU

st_miss

tag 3tag 2tag 1

2. Subtract Elapsed Cycles

1. Initialization

Net Stall
Cycles

ProgOrd
Dep

Data
Dep

PrimMiss
Dep

tag 3tag 1 tag 2

28 58497

Elapsed Cycles = [ Dep_Dist = 4 ]  + [ Intermediate Ins. Stalls = �1 + 0 + �1 ] = 2

Stalls from primary miss tag structural hazards = 28 cycles

Figure 8. Calculation of stalls from primar y­miss tag
structural hazards.

Icache BranchPred. StallCycles

hit incorrect& taken/nottaken mispred.penalty
hit correct& taken 0
hit correct& not taken -1

miss incorrect&taken/nottaken memorylatency +
mispred.penalty

miss correct&taken memorylatency
miss correct&not taken memorylatency - 1

Table 1. Mapping of icac he and branc h prediction sta­
tus �a gs to contr ol �o w stalls.

mediateinstructions( � 2). ThentheAPM subtractstheelapsed
cycles(2) from eachentryof themisstagoccupancy. Next, the
APM calculatesthestallsby �nding theminimumvaluein the
misstagoccupancy, which in this caseis 28cycles.

Control Flow Events. Stalls from control �o w events are
causedby instructioncachemisses,branchmispredictions,and
correctlypredictedtaken branches.Theselocality eventsdi-
rectlymapto aninstruction'scontrol�o w stallcycles,asshown
in Table1. In our sampleinstructionsegment,if thest miss
hit in theinstructioncache,is correctlypredictedby thebranch
predictor, anddoesnotfollow atakenbranch,it will experience

� 1 control�o w stalls.

Calculating Net Stall Cycles. After calculating the stalls
from eachdependency, the APM computesthe effective stall
cycles of an instruction by taking the maximum of all its
stalls. In our example,the st miss instructionexperiences
MAX � 2 � � 1 � 28� � 1� � 28effectivestallcycles.Next, theAPM
usestheeffective stall cyclesto updatethe instruction's struc-
tural occupanciesto correspondto themicroarchitecturalstate
aftertheinstructionissues.
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Con®gurations
Parameter 1 2 3 4 5 6 7 8 9 10 11 12

issuewidth 1 1 1 1 4 4 4 4 8 8 8 8
# primary-misstags 1 1 8 8 1 1 8 8 1 1 8 8
memorylatency 10 200 10 200 10 200 10 200 10 200 10 200
# units:
int alu/nop 1 1 1 1 4 4 4 4 8 8 8 8
int mult/div 1 1 1 1 2 2 2 2 4 4 4 4
¯oatadd/cmp/cvt 1 1 1 1 4 4 4 4 8 8 8 8
¯oatmult/div/sqrt 1 1 1 1 2 2 2 2 4 4 4 4
load/store 1 1 1 1 4 4 4 4 8 8 8 8

Table 2. Twelve sim ulated con�gurations that span a large design space .

Parameter Value

int alu/noplatency 1
int mult latency 8
int div latency 16
¯oatadd/cmp/cvtlatency 4
¯oatmult latency 4
¯oatdiv latency 16
¯oatsqrtlatency 24
L1 latency 3
branchmispredictionpenalty 3
L1 instructioncache 16KB, directmapped,

32byteblocks
L1 datacache 16KB, 4-way associative,

32byteblocks
Memoryaccessbuswidth 32bytes
Branchpredictor bimodal
Branchtargetbuffer 512sets,4-way associative
Returnaddressstack 8 entries

Table 3. Shared con�guration parameter s.

6. Experimental Setup

We evaluatedAXCIS againstour baselinecycle-accurate
simulator, SimInOrder, whichmodelsthesameprocessorchar-
acteristicsasAXCIS. BothAXCIS andSimInOrderareimple-
mentedon top of sim-safe , an instruction-level execution-
drivensimulator, andthecache andbpred frameworksfrom
theSimpleScalar3.0 tool set[3]. In our experiments,we used
theAlphabinaries[13] of 24SPECCPU2000benchmarksand
their correspondingreference input sets(one input was
selectedfor benchmarkswith multiple input sets)[14]. We
could not run the other two SPECbenchmarks,fma3d and
sixtrack , dueto problemswith our simulationframework.

In order to examinethe behavior of AXCIS acrossa wide
rangeof designs,we simulated12 machinecon�gurations,
shown in Table2 thatdiffer in issuewidth, numberof primary
misstags,memorylatency, andnumberof functionalunitsfor
eachinstructiontype. Table3 shows thefunctionalunit laten-
cies,cache,andbranchpredictorparametersthataresharedby
all con�gurations.

Table4 shows the limiting con�gurationsusedin the limit-
basedand relaxed limit-based compressionschemes. The
minimumcon�guration is composedof parametersdescribing

Parameter Min Con®g Max Con®g

issuewidth 1 10
# primarymisstags 1 20
# unitsfor eachinstructiontype 1 10
branchmispredictionpenalty 9 1
latencies:
int alu/nop 9 1
int mult 72 4
int div 144 8
¯oatadd/cmp/cvt 36 2
¯oatmult 36 3
¯oatdiv 144 8
¯oatsqrt 216 10
L1 cacheaccess 27 2
memoryaccess 450 8

Table 4. Min and max con�gurations used by limit­
based and relax ed limit­based compression schemes.

minimum bandwidthand maximumlatency, while the max-
imum con�guration consistsof parametersdescribingmaxi-
mumbandwidthandminimumlatency.

7. Evaluation

We evaluatedAXCIS for both accuracy andspeed.Accu-
racy is measuredin termsof the absoluteIPC error between
resultsobtainedfrom AXCIS andSimInOrder.

AbsoluteIPCError �

100 �

�

AXCISIPC � SimInOrder IPC
�

SimInOrder IPC

Speedis measuredin termsof thenumberof CIST entries,an
implementation-independent metric that hasa linear relation-
ship with the APM's simulationtime. For reference,we also
show theAPM'sexecutiontimesfor our implementation.

Beforepresentingresults,we�rst providesomeintuition be-
hind AXCIS's behavior. A dynamictracecanbe represented
by a long chain of uniqueoverlappinginstructionsegments,
oneper dynamicinstruction. If this entire chainwerestored
in a CIST andsimulatedby theAPM, the IPC errorwould be
zero. But, without compressingthe instructionsegments,the
APM would (1) achieve no speedupover detailedsimulation
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becauseit would still be calculatingstall cyclesfor every dy-
namicinstruction,and(2) theCISTwouldbemuchlargerthan
theprogram'sdynamictrace,sincetheCISTstoresoneinstruc-
tion segmentperdynamicinstruction.

Using an ideal losslesscompressionscheme,the DTC
wouldcompresstogetherall instructionsegmentsthathavethe
samestall cyclesacrossall con�gurations,allowing theAPM
to achieveperfectaccuracy with reducedsimulationtime. Ideal
losslesscompressionis impracticalto implementand, in any
case,losslesscompressionis not ideal if we are preparedto
tradesomeaccuracy for reducedsimulationtime. Eachof our
proposedcompressionschemesapproximatesthe ideal com-
pressionschemewhile selectinga different tradeoff between
simulationspeedandaccuracy. In the following subsections,
we evaluateAXCIS usingthelimit-based,relaxedlimit-based,
andcharacteristics-basedcompressionschemes,referredto as
AXCIS LB, AXCIS RLB, andAXCIS CB respectively. More
detailedresultson theseschemescanbefoundin [7].

7.1 Limit­Based Scheme

We evaluatedAXCIS LB on the24 benchmarksfor 10 bil-
lion dynamicinstructions.However, sinceour implementation
of theAXCIS DTC andAPM keeptheentireCISTin memory,
we hadto terminate� ve integer benchmarks(crafty , mcf ,
parser , twolf , andvpr ) ataround1.4,6.7,3.6,3.5,and3.5
billion instructionswhentheirCISTsgrew toolargeto �t in the
3GB virtual memorylimit on our 32-bit Linux machines.This
memorylimitation canbeaddressedby (1) runningin a larger
virtual addressspace(e.g.64bit machine),(2) augmentingthe
implementationsothatonly portionsof theCIST needto bein
memory, and(3) improvingthecompressionscheme.Wechose
to focusonimproving thecompressionschemesinceit alsode-
creasesmodelingtime. The resultsof our improved scheme
(AXCIS RLB) for these� vebenchmarksarepresentedin Sec-
tion 7.2. In this section,we presentandanalyzetheresultsof
the19benchmarksthatcompresswell usingAXCIS LB.

Figure9(a) shows thedistributionof absoluteIPCerrorsof
AXCIS LB, speci�ed in quartiles. Eachbenchmarkwas run
for 10 billion instructionsto generatea single CIST usedto
simulateall 12 con�gurations. For 15 of the 19 benchmarks,
AXCIS LB is highly accurateandcon�guration independent.
TheaverageIPC errorover all con�gurationsandbenchmarks
is 4.8%. AXCIS LB performsbetter on the integer bench-
marks,with anaverageerrorof 2%,while theaverageerrorfor
the �oating-point benchmarksis 6.5%. The medianerror for
eachbenchmarkis within 10.8%,and15of the19benchmarks
havemedianIPCerrorslessthan5%. Exceptfor four �oating-
pointbenchmarks(applu , facerec , galgel , andmgrid ),
themaximumerrorfor eachbenchmarkis within 10%.

The limit-basedcompressionschemeperformspoorly for
applu , facerec , galgel , andmgrid becausemany in-
structionsegmentsthat it considersequivalent (i.e., have the
samestall cycles) in the min and max con�gurations have
very differentstall cyclesin someintermediatecon�gurations.
Sincethe resultingCIST doesnot distinguishbetweenthese

segments,the stall cycles calculatedin theseoutlying con-
�gurations have high errors. Another potentialcausefor er-
ror is that CISTsdo not capturedependenciesthat spanmore
than512instructions,which affectsthemodelingof structural
occupancies,particularly the primary miss tags. Section7.3
presentsresultsfor AXCIS CB which achieveshigh accuracy
for thesefour �oating point benchmarks.

Figure9(b) showsthenumberof CISTentriesandtheaver-
ageAPM executiontime for eachbenchmark.Without CISTs,
a conventionalsimulatorwould have to simulateall 10 billion
dynamic instructions,which takes around5 hours on SimI-
nOrder. UsingAXCIS LB theAPM analyzesaround260,000
instructionson averagefor eachbenchmark,takingabout0.72
seconds.Theminimumandmaximumnumberof instructions
analyzedby theAPM are5,721and1.29million instructions,
takingonaverage0.02secondsand3.1seconds,for wupwise
andperlbmk respectively. While thenumberof CIST entries
for a benchmarkis constantover all con�gurations,the APM
executiontimevariesbecausetheamountof work doneateach
CISTentryvariesslightly dependingon thecon�guration.

7.2 RelaxedLimit­Based Scheme

Using a more relaxed de�nition of instruction segment
equality, AXCIS RLB decreasesthenumberof CISTentriesof
the� veintegerbenchmarks(crafty , mcf , parser , twolf ,
andvpr ) by 24% on average,comparedto AXCIS LB. The
DTC wasableto �nish all 10 billion dynamicinstructionsfor
thetwo benchmarks(crafty , andmcf ). However, theDTC
ranout of memoryafter4.8,5.7,and9 billion instructionsfor
vpr , twolf , andparser , respectively. We presentthe re-
sultsof AXCIS RLB on these5 benchmarksfor 4 billion dy-
namicinstructions.Due to limited machinetime andthe long
simulationtimesof SimInOrder, we decreasedthe numberof
simulatedcon�gurationsfrom 12 to the 6 shown in the even
columnsof Table2, while still coveringa largedesignspace.

Figure10(a)showsthatAXCIS RLB is highly accurateand
con�guration independentfor thesebenchmarks,achieving an
averageIPC error of 2.6% and tight error distributions. As
shown in Figure10(b), the numberof CIST entriesis signif-
icantly lessthanthe 4 billion dynamicinstructionssimulated,
allowing the APM to achieve averageexecutiontimeson the
orderof secondsfor eachbenchmark.AXCIS RLB performs
well even with a loosede�nition of segmentequalitybecause
these� ve integer benchmarkshave limited ILP, andtherefore
structuraloccupanciesare lessimportantin determiningstall
cyclesacrosscon�gurations. Note that AXCIS LB would be
evenmoreaccuratethanAXCIS RLB, asit hasa strictly more
discriminativeequalitycheck.

7.3 Characteristics­BasedScheme

AXCIS CB, is much more accuratethan AXCIS LB for
applu , facerec , galgel , and mgrid . However, this
accuracy cameat the cost of compressibility. Figure 11(a)
comparestheir absolute IPC error distributions using the
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Figure 9. Evaluation of AXCIS using the limit­based compression scheme in terms of (a) accurac y and (b) speed.
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characteristics-basedand limit-based compressionschemes.
Both setsof datacorrespondto CISTsgeneratedfrom 3 bil-
lion dynamicinstructionsand the 6 con�gurationsdescribed
in the even columnsof Table 2. Using AXCIS CB, the av-
erageIPC error of thesefour benchmarkswas reducedfrom
13.97% to 3.33%, and their maximum errors decreasedby
96.6%(applu ), 98.1%(facerec ), 77.5%(galgel ), and
97.3%(mgrid ). With tight errordistributions,AXCIS CB is
bothhighly accurateandcon�gurationindependent.

AXCIS CB usesa stricter de�nition of instruction seg-
ment equality than AXCIS LB. Being more conservative,
AXCIS CB compressesfewer segmentstogether, resultingin
increasedaccuracy but moreCIST entries.Figure11(b) com-
paresthe numberof CIST entriesand averageAPM execu-
tion times of AXCIS CB to AXCIS LB for the four �oat-
ing point benchmarks.As expected,the numberof CIST en-
triesincreasesusingthecharacteristics-basedscheme,although
AXCIS CB is still ableto completethesimulationswithin sec-
onds.

7.4 Dynamic Trace CompressionSpeed

CIST generationshould take about as long as functional
simulation becausethe dynamic trace compressoranalyzes
eachdynamic instruction. However, our unoptimizedtrace
compressorimplementationwasaboutfour timesslower than
SimInOrderbecauseit encounteredlongcollisionchainsin the
simplehashtableusedto performthematchingof new instruc-
tion segmentsto existing ones.An optimizedimplementation
shouldperformmuchbetter. Nevertheless,CIST generationis
performedonly onceper benchmarkso evenwith our current
implementation,AXCIS is much fasterthandetailedsimula-

tion whenexploringmany designpoints.

7.5 Discussion

Becausethecompressionschemedoesnot affect thecalcu-
lationsperformedby theAPM, theDTC canusedifferentcom-
pressionschemesto createCISTsfor differentbenchmarks.We
de�ne the bestschemefor a benchmarkto be the oneresult-
ing in the highestcompression,while still maintainingsuf�-
cient accuracy. More relaxed compressionschemessuchas
AXCIS RLB and AXCIS LB highly value compression. In
general,theseschemesarebestfor codesthat arelessrepeti-
tiveandrequiretheaddedemphasisoncompressionin orderto
generatecompactCISTs. Integer codes,which tend to have
large instruction working setsand low instruction-level par-
allelism (ILP), fall into this category. Due to low ILP, more
stallsarisefrom datahazardsthanstructuralhazards.There-
forematchingstructuraloccupanciesis notasimportantfor the
integercodesasthe�oating point codes,which have high ILP.
StrictercompressionschemessuchasAXCIS CB valueaccu-
racy over compression.Theseschemesgenerallywork best
for codeswith high ILP and lots of repetition(e.g., �oating
point benchmarks)thatcompensatefor the lower emphasison
compressionto generatecompactCISTs.Also, instructionseg-
mentsin highly repetitivecodeshavemoresimilaritiesandmay
beharderto distinguish,requiringthestricterequalitycheck.

From our three compressionschemes,we found that
AXCIS LB was best for 15 of the 24 benchmarks,
AXCIS RLB wasbestfor crafty , mcf , parser , twolf ,
andvpr , while AXCIS CB wasbestfor applu , facerec ,
galgel , andmgrid . Usingthebestschemefor eachbench-
mark, AXCIS is highly accurateand con�guration indepen-
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dent,achieving anaverageIPC error of 2.6%with anaverage
errorrangeof 4.4%. Exceptfor galgel with a maximumer-
ror of 25.3%,themaximumerrorof all benchmarksis lessthan
10%. AXCIS is alsovery fast,completingsimulationscorre-
spondingto billions of dynamicinstructionswithin seconds.
Usingpre-generatedCISTs,AXCIS is over10,000timesfaster
thandetailedsimulation.

In additionto estimatingperformance,AXCIS canbeused
to predictothermetricssuchasbuffer occupanciesandfunc-
tional unit utilization becauseall necessaryinformationis al-
readystoredin the CIST. For example,we alreadyestimate
structural/buffer occupanciesin orderto calculatestall cycles.
Also, sincetheabsoluteaccuracy of AXCIS is mostlyconsis-
tentacrossabroadrangeof con�gurationsfor eachbenchmark,
AXCIS should track designchangesand identify interesting
portionsof aperformancecurve.

Most of the ideas addressedin this paper can apply to
bothout-of-orderandin-orderprocessors(e.g.,instructionseg-
ments,CISTs, the DynamicTraceCompressormethodology,
andinstructionsegmentcompressionschemes).Only thestall
calculationalgorithmperformedby theAPM requiresconsid-
erablechangesto modelout-of-orderprocessors.Notethatwe
alreadydealwith bufferedstateand long overlappedstall la-
tencies,e.g.,in our handlingof primarymissstalls. To model
morecomplex out-of-orderprocessors,thestall calculational-
gorithm performedon eachde�ning instruction in the CIST
wouldneedto alsotakeinto accountthestallsof alimited num-
berof de�ning instructionsthatoccurlater in theCIST, in ad-
dition to the stallsof instructionsthat arewithin the de�ning
instruction's segment. We leave this for further work. Also,
AXCIS canbe easilyextendedto modelother ISAs. For ex-
ample,to modela CISCISA, we would �rst translatecomplex
instructionsinto RISC-like ops(micro-ops)andthengenerate
theCIST. AXCIS couldalsobemodi�ed to modelVLIW ISAs,
sincewe alreadymodelmultiple-issuemachines.

8. RelatedWork

Thetime-stampingalgorithmusedby Loh [8] ef�ciently ap-
proximatesdetailedsimulationbut doesnot reducethenumber
of simulatedinstructions.This techniqueis similar to theway
we modelstructuraloccupancies.However, sincetheAXCIS
PerformanceModel analyzesonly thede�ning instructionsin
CISTs,theruntimeof AXCIS shouldbemuchfaster.

Iyengaret. al. [5] generatedreducedtracesbasedon fully
quali�ed instructions,which aresimilar to our instructionseg-
mentsexceptthey containonly the previous n instructionsas
context. Our instructionsegmentsmoreaccuratelycapturedy-
namicinstructioncharacteristicsby adjustingsegmentlengths
to include all producinginstructionsassociatedwith relevant
dependencies.Also, their generatedtracesaretailoredtowards
a speci�c system,making their schemeless appropriatefor
largedesignstudies.

In statisticalsimulation,statisticalpro�les on programand
locality characteristicsaregatheredfrom a program'sdynamic
executionto generatea synthetictracefor simulation.Simpler

modelsgeneratedtracesbasedon global distributionsof pro-
gramandlocality characteristics,while moredetailedmodels
gathereddistributionsasa functionof someparametersuchas
basicblock size. In general,moredetailedstatisticalmodels
lead to higher accuracy. However, as the complexity of the
modelsincreases,the dif�culty in generatingsynthetictraces
to matchthosemodelsalso increases.AXCIS bypassesthis
problemby directly calculatingIPC from the instructionseg-
mentsin CISTs, insteadof simulatingfrom a generatedsyn-
thetic trace. Statisticalsimulationtechniquessuchas [9, 11]
createdsynthetictracesby randomlygeneratinginstructions
from statisticalpro�les. Thesetechniquesexperiencedhigher-
rors for certainbenchmarksanddesignsbecausethe original
instructionsequencesandrelationshipswerenotmaintainedin
the synthetictrace. Eeckhoutet. al. [4] improved thesesta-
tistical techniquesby introducingcontrol �o w modeling us-
ing statistical�o w graphs(SFG) on basicblocks. Although
SFGsenabledEeckhoutto capturetheoriginal instructionse-
quencesanddependencieswithin basicblocksincludedin each
nodeof thegraph,theseoriginal sequencesanddependencies
werenotmaintainedacrossthebasicblocksof differentnodes.
AXCIS generatesCISTsby compressingaway redundantse-
quencesof instructions.Unlike synthetictraces,CISTsnatu-
rally captureoriginal dynamicinstructionsequencesto faith-
fully maintainall necessaryrelationshipsbetweendynamicin-
structions,aswell astheirprogramandlocality characteristics.
CISTscanevenaccuratelyrepresentapplicationswith multiple
phasessuchas gcc and highly repetitive codepatternssuch
asthe �oating point benchmarks,allowing AXCIS to achieve
highaccuracy acrossawiderangeof benchmarksandcon�gu-
rations.

After pro�ling dynamicprogramexecution,Ofelt et. al. [10]
computedmachineperformanceby aggregatingthe estimated
performanceof individual paths. Path performancewas ap-
proximatedusinga combinationof simulationandanalytical
modelsthat accountedfor complicatedrelationshipsbetween
baseandsuccessorpaths. Becauseinstructionsegmentscap-
tureall necessaryrelationshipsbetweenindividualinstructions,
the AXCIS performancemodeldoesnot needto model intri-
caterelationshipsbetweendisjoint instructionsequences.An-
otherdifferenceis thatAXCIS usesdynamicprogrammingto
directly calculateperformance,which canbefasterthansimu-
lation.

AXCIS differsfrom theseaboveworksin thatAXCIS mod-
elsin-orderprocessors,whichis easierin somewaysbut harder
in others. For example,becausethe reorderbuffer in out-of-
ordercoresaveragesthestallsfrom dependencies,out-of-order
coresmaybe easierto modelusingstatisticalsimulationthan
in-ordercores.

9. Conclusion

This paperpresentedAXCIS, a framework for accelerat-
ing architecturalsimulationin largedesignspacestudies.Us-
ing instructionsegmentsthat elegantly encapsulateall impor-
tantprogramcharacteristicssurroundingadynamicinstruction,
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AXCIS compressesa program's dynamic instruction stream
into aCanonicalInstructionSegmentTable(CIST) thatis used
to quickly andaccuratelysimulatea largenumberof designs.
We proposedandevaluatedthreecompressionschemes,each
with adistinctaccuracy vs. speedtradeoff. Usingthebestcom-
pressionschemefor eachworkload,AXCIS is highly accurate
andcon�gurationindependent,achieving anaverageIPCerror
of 2.6%. Using pre-computedCISTs,AXCIS is over 10,000
timesfasterthandetailedsimulation.
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