In IEEE Int'l Symposiunon PerformanceAnalysisof Systemand Softwae (ISPASS) Austin, TX, March2006.

Accelerating Ar chitectural Exploration Using Canonical Instruction Segments

RoseF. Liu andKrste Asanoric

MIT ComputerScienceandAtrti cial IntelligenceLaboratory
The StataCentey 32 VassaiStreet,CambridgeMA 02139

rliu, krste

Abstract

Detailed microarchitectural simulatois are not well suited
for exploring large designspacesdueto their excessivesim-
ulation times. We introduceAXCIS,a framavork for fastand
accurate designspaceexploration. AXClSachievesfast sim-
ulation timesby exploiting repetitionsin program behaviorto
reducehenumberof instructionssimulated.For ead dynamic
instruction encounteed during an initial full run of a bend-
mark, AXCISbuilds an instruction segment which concisely
representperformance-criticainformation. AXCISthencom-
presseghe string of dynamicsegmentsinto a table of canon-
ical instructionsegments(CIST)to give a compactrepresen-
tation of the entire bendhimarktrace Givena precomputed
CISTanda target microarchitecture con guration, AXClScan
quickly and accurately estimateperformancemetricssud as
instructionsper cycle (IPC). For the SPECCPU2000bend-
marksandall simulatedcon gurations, AXClSachievesanav-
erage IPC error of 2.6%. While cycle-accuate simulatos can
take manyhours to simulatebillions of dynamicinstructions,
AXClScancompletahe samesimulationonthecorresponding
CISTwithin seconds.

1. Intr oduction

In the early stagesf processodesign,computerarchitects
areoftenfacedwith averylargedesignspace Althoughcycle-
accuratesimulationis effective andwidely usedfor evaluating
differentprocessocon gurations,long simulationtimesalong
with shorttime-to-marletseverelyconstraingshenumberof de-
signpointsexplored. Currentdetailedsimulatorsarethousands
of timesslowerthannative hardware.For example thepopular
simulatorsim-outorder  from the SimpleScalatool set[3]
simulatesat around0.35MIPS on a 1.7GHz Pentium-4[1].
Benchmarksare also growing in size and compleity to bet-
terapproximateeal-world applicationsfurtherextendinglong
simulationtimes.

Detailed simulatorsare slow becausehey simulateevery
instructionin a programs dynamictrace. To improve simu-
lation time, researcherbave proposedechniquego decrease
the numberof simulatedinstructions. One approachreduces
a programs input setto executea smallerdynamictrace[6],
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but studieshave shaovn that programbehaior can vary sig-
ni cantly betweenthe original andreducednput sets[6, 17].
Anothertechniqueis sampling[12, 16], whereonly selected
portionsof the entire programexecutionare simulatedin de-
tail andinstructionsbetweertdetailedsamplingoointsaresimu-
latedatafunctionallevel to warmmicroarchitecturastate{16].
Sampling,in this form, is relatively accuratebut still too slow
for initial designspaceexploration wherethousandsf con-
gurations are explored. However, morerecentwork [2, 15]
hasshowvn thatcheckpointingcansigni cantly reducethe sim-
ulation time of sampling,down to a few minutesper bench-
mark. Statisticalsimulationtechniqueg4, 9, 11] simulateon
synthetictracesgeneratedafter pro ling full programexecu-
tions. Thesesynthetictracesare several ordersof magnitude
smallerthanthe original dynamictraces,enablingrapid large
designspacestudies. Statisticalsimulationtechniquesapply
variousheuristicsto reducethe numberof statisticalparame-
tersrecordedduring tracepro ling, while attemptingto cap-
ture enoughprogramcharacteristicto generateepresentatie
tracesfor subsequendynamicsimulation. In particular mary
combination®f eventsmaybesimply modeledasindependent
distributionsbecausdrackingjoint probabilitiesis too expen-
sive. In addition,thesetechniquegequirean empiricaldeter
minationof corvergencdor differentbenchmarksndmachine
con gurations.

In this paperwe presentAXCIS (ArchitecturaleXploration
using Canonicallnstruction Segments),a framework for fast
andaccurateearly-stagalesignspaceexploration. AXCIS re-
ducessimulationtime by compressinga programs dynamic
traceinto a form that can model mary different machines.
AXCIS performscompressiorand performancemodelingus-
ing a new primitive calledtheinstructionsegmentto represent
the context of eachdynamicinstruction,including all impor-
tantdependenciesAs shavn in Figure 1, AXCIS is divided
into two stages:dynamictracecompressiorand performance
modeling.

The Dynamic Trace Compressor(DTC) identi es all in-
structionsegmentswithin the dynamictrace and compresses
theseinto a Canonicallnstruction SegmentTable (CIST). In
orderto capturelocality eventswithin instruction segments,
partially-speci edbranchpredictorsandcachesaresimulated.
However, only the organizationof thesestructuresare spec-
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Figure 1. AXCIS Simulation Framework.

i ed atthis stageand not their latencies,allowing the gener
atedCISTsto model multiple designs. To performcompres-
sion, the DTC comparesachnen dynamicsegmentagainst
existing CIST entries,and eitherincrementsthe count of an
existing entry if a matchis found or addsthe nev segment
to the CIST if not. The CIST representatiomffectively cap-
turesalargesetof joint probabilitiesin thetrace,includingoc-
currencef dynamically-establishedependenciethat cross
mary basicblocks. CIST generationcan also be adjustedto
tradesimulationspeedor accurag by varyingthe DTC com-
pressionscheme. We explore three compressiorschemesn
this paper

The AXCIS PerformanceModel (APM) quickly estimates
performancen termsof instructionsper cycle (IPC) for each
processodesign,givena CIST anda setof microarchitecture
con gurations.The CIST formatis designedsuchthata single
lineardynamicprogrammingpassoverthe CIST entriescalcu-
latesperformancedor a given designpoint. Unlike statistical
simulationtechniquesAXCIS doesnot requiredynamicsim-
ulation until convergence.BecauseCISTsaresmall andvery
representatie of full dynamictraces,AXCIS is over four or-
dersof magnituddasterthanconventionaldetailedsimulation.
AXCIS reduceghe simulationtime of billions of dynamicin-
structiongo afew secondswhile achieving anaveragePC er-
ror of 2.6%on SPECCPU2000benchmark$14]. We propose
AXCIS asa complemento cycle-accuratesimulation,where
AXCIS canquickly identify regions of interestto be further
exploredin detail.

2. Machine Model

We apply AXCIS to characterizen-order superscalapro-
cessorswhichrepresenthevastmajority of new processode-
signs,especiallyfor embeddedpplicationsin-ordercoresare
also becomingmore popularin general-purposepplications
with the emegenceof chip multiprocessorswhich empha-
sizethread-leel throughputover singlethreadederformance
andhave stricterpercoreareaand power constraints.For ex-
ample, Sun's UltraSFARC 1V, Intel's Montecito, and Broad-

com's BCM1480all containmultiple in-ordercores.This sec-
tion describeghe classof machinesmodeledby AXCIS and
highlightsthe machinecharacteristicshat affect performance
throughdata, structural,and control o w hazards.As shavn
in Figure2, we modelin-ordersuperscalarith blocking L1
instructioncachespon-blockingL1 datacachesandbimodal
branchpredictors. The parameterizablenachinecharacteris-
tics aredravn with dashedinesandlabeledin parentheses.

Functional-unit,cache,and memory latenciesas well as
the cacheorganizationdeterminewhen data hazardsoccur
We only modelread-aftetwrite (RAW) dependencieBecause
write-afterread (WAR) and write-afterwrite (WAW) hazards
are generallyeliminatedin well-designedin-order pipelines
with synchronizedvritebacksandbypassetworks. Cacheor-
ganizationparametersnclude the numberand size of cache
lines,associatiity, andreplacemenpolicy. Thenumberof spe-
ci ¢ units andissuewidth determinewhenstructuralhazards
occur while branchpredictorsize and mispredictionpenalty
affect performancehroughcontrolhazards.

Blocking cachesstallthe processountil acachemissis ser
viced by the memory system,while non-blockingcachesal-
low later instructions(even cachemisses)o issuebeforeear
lier onesarebackfrom memory Nonblockingcachesaredif-

cult to model becauseghey inducelong-rangedependencies
betweenmemoryinstructionsto differentaddressesin non-
blockingcachesthemaximumnumberof outstandingnemory
requestss determinedy thenumberof primaryandsecondary
misstags Primarymisstagstrack the uniquecachelines be-
ing servicedby the memorysystemwhile secondarynisstags
trackadditionalmemoryrequests$o cachdinesrecordedy the
primary misstags.Correspondinglya primary missis the rst
missto a cacheline, anda secondarymissis a missto theline
of anearlierprimarymiss. Structuralhazardoccurwhennone
of the associatedanisstagsareavailablewhena cachemissis
evaluatedor issue.Sinceprimarymisstagshave alargereffect
on performancehansecondarynisstags,AXCIS modelsnon-
blockingdatacachesvith aparameterizableumberof primary
misstags while assumingnin nite humberof secondaryniss
tagsfor simplicity.

3. Instruction Segmentsand CISTs

During dynamictrace compressionAXCIS builds an in-
structionsegmentfor every dynamicinstructionto represent
its performance-criticaprogramcharacteristics.The instruc-
tion sggmentof a dynamicinstructioncontains(1) all preced-
ing instructionsaffectingits performance(2) its instructionde-
pendenciesand (3) its locality characteristicgi.e. cacheand
branchbehaiors). A segmentbegins with the producerasso-
ciatedwith theinstructions longestdependengandendswith
theinstructionitself, termedthede ning instructionof the seg-
ment. Instructionswithin sggmentsareabstractednto instruc-
tion types integer ALU, integerand oating-point multiplies,
integerand oating-point divides, oating-point add, oating-
point compare, oating-point to integer corversion, oating-
point squareroot, load cachehit, load cachemiss, storecache
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Figure 2. Class of machines suppor ted by AXCIS.
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Figure 3. Dynamic program trace partitioned into in-
struction segments.

hit, store cachemiss, and nop. Figure 3 shovs a sequence
of dynamicinstructionsandtheir instructionsegments,which
may overlap. Dependenciebetweeninstructionsare repre-
sentedby arrons,andtheinstructionsegmentfor thest _miss
instructionis highlighted.

Dependenciesxist betweentwo instructionsif the earlier
instructiondirectly affectsthe performancemeasuredn stall
cycles,of the laterinstruction. Stall cyclesarede ned asthe
numberof elapsectyclesstartingfrom whenaninstructionis

rst evaluatedfor issueup to whenit actually canissue. In-

structionsggmentgrecordthefollowing typesof dependencies:

(1) RAW datadependencieg?) program-oder dependencigs
(3) cache-linedependenciesand (4) primary-missdependen-
cies Thedependenciesf eachinstructionarerepresentedsa
setof dependencdistanceswhereeachdependencedistance
is the numberof dynamicinstructionsstartingfrom the pro-

ducerdown to, but notincluding,the consumegssociateavith
thedependeng

RAW andprogram-ordedependencieareinherentwithin
the program. Program-ordedependencieform betweencon-
secutve dynamicinstructions.They allow AXCIS to maintain
the original dynamicinstructionsequencesvithin CISTsand
identify structuralhazardsiuring performancenodeling.

Locality eventsfor the datacachearecapturedusingcache-
line and primary-missdependenciethat areidenti ed during
tracecompressionvhena partially-speci ednonblockingdata
cacheis functionally simulated By not specifyingcachdaten-
ciesor thenumberof primarymisstagsduringsimulation,each
CISTcanmodelmary cachecon gurations.Cache-linedepen-
denciesaredatadependenciethatform betweerconsumein-
structionsusingthevalueproducedy nonprimary-misscache
accessesand the most recentprimary miss to the requested
cachdine. Givenamachinedesignthesedependencieallow
the AXCIS performancemodelto calculatethe lateng of the
non primary miss cacheaccesdy determiningwhetherit is
a secondarymiss or a cachehit. Primary-missdependencies
form betweerconsecutre primarymissesandallow AXCIS to
detectstructuralhazardn the primary misstags.

Using the Alpha instruction set, Figure 4 shaws all four
typesof dependenciem the tracesamplefrom Figure 3. A
cache-linedependeng exists betweeninstructions1 (Ins_1)
and5 (Ins.5) becausdns_l affects the stall cycles of Ins.5.
Ins_5 cannotissueuntil instruction4 (Ins_4) producests value,
which dependsn whenline A is fetchedinto the cache.This
is determinedy whenlIns_1 (the primarymissto line A) is is-
sued.NoticethatIns_4 is notdependentnIns_1 becauséns_1
doesnot affectwhenins_4 issues A primarymissdependeng
exists betweeninstructions2 (Ins_2) and6 (Ins_6) becausé¢he
stallsof Ins_6 dependon whethera primary misstagis avail-
ablewhenit is evaluatedfor issue ,which canbe derived from
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1 Idqrl0 addrl (MISS on line A) .~ ~

2 Idqrl addr2 (MISS on line B) ~ <

3 addq r2 r0 immediate </ ) \

4 1dqr3 addr3 (ACCESS to line A) ~ / )

5 mulq r4 r3 immediate % e

6 stqr4 addr4 (MISS on line C) ~ ,) e

Figure 4. Dynamic instruction sequence with depen-
dencies.
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Figure 5. Example of a CIST.

the stateof the misstagsafterins_2 issues.

To maintain reasonablesegment lengths, AXCIS only
recordsthe dependenciesf primary consumes, which arethe
rst instructionsto experiencestallsdueto the producer Be-
causewe modelin-ordermachineswe do not needto record
dependenciesn non-primaryconsumerssthey will notintro-
duceary additionalstalls. We alsodiscarddependenciethat
spanmorethan512dynamicinstructionsastheserarely cause

stallsandremoving themincreasesompressibility

The CIST is maintainedas an orderedarray of CIST en-
tries, whereeachentry consistsof aninstructionsegmentand
a frequeng countrecordinghow often the segmentoccurred
in the dynamicprogramtrace. Instructionsegmentswithin a
CISTareuniqueandareorderedasedntheir rst occurrence
in the dynamictrace. Eachinstructionsegmentin the CIST
contributesonenew instruction,the de ning instructionof the
segment. Becausenstruction segmentsoverlap, a particular
instructionmay be in multiple CIST entries. Figure 5 shavs
the CIST correspondingo a sequenc®f dynamicinstructions
(numberedn programorder) and their instructionsegments.
In this simpleexamplenoneof the sggmentsshovn arecanon-
ically equivalentto eachother, sono compressiommccurs.Note
thatthe CIST alsorecordsthe total numberof instructionsan-
alyzedduringtracecompression.

Instructioncacheand branchpredictorlocality eventsare
capturedby functionally simulatingtheir correspondingtruc-
turesduring tracecompressionFor eachdynamicinstruction,
AXCIS determinesf it hit in the instructioncache,if it was
correctlypredicted,andif it follows a taken branch. Like the
datacache pnly the organizationf thesestructuresarespec-
i ed duringsimulation,allowing the CIST to supporta variety
of instructioncachesand branchpredictorsthat differ in ac-
cesdatenciesandmispredictionpenalties CISTscanbe made
moregeneraby simultaneouslgimulatingmultiple cachesand
predictorsduring trace compressiorto createdifferent sey-
mentsfor thesamedynamicinstruction. Thenall sggmentscan
be compressethto onemulti-con guration CIST, whereeach
CIST entry hasa separatdrequeng countfor eachcacheand
branchpredictorcon guration.

4. Dynamic Trace Compressor

The Dynamic TraceCompressofDTC) functionally simu-
latesthebenchmarlandcreatesninstructionsegmentfor each
dynamicinstruction.Compressiomccurswhenanew segment
is determinedo beequivalentto anexistingonein the CIST. In
thiscasethe DTC incrementgheexistingsegmentsfrequeny
count.Otherwisethe new segmentis addedo the CIST.

In an ideal compressiorschemejwo instructionsegments
areonly compressetbgetherif their de ning instructionswill
experiencahesamesetof stallsfor all machinecon gurations.
In this case therewill be nolossof accurag dueto compres-
sion. Sinceit is impracticalfor theDTC to determinethe setof
all possiblestallsfor everyinstructionunderall con gurations,
we proposethreeheuristiccompressiorschemeghat approx-
imatethe ideal schemewith differenttradeofs betweencom-
pressiorandaccuragy:

Limit Con gurations-Based Compression Scheme. The
intuition behindthis limit-basedsdemeis that if instruction
segmentshave the samestall cyclesin two very differentcon-
gurations, thenthey aremorelik ely to have the samestall cy-

clesin all con gurations.In thisschemetheDTC simulateghe
minimum andmaximummicroarchitectureon gurationsthat
will besimulatedwith theresultingCIST to calculatefor each
dynamicinstruction,a pair of stall cyclesandstructumal occu-
panciesto approximatets setof all possiblestalls. Structural
occupanciesiresnapshot®f microarchitecturastate(e.g.,is-

suegroup size) at the time an instructionis evaluatedfor is-

sue.Two sggmentsarecompressed theirde ning instructions
have the same(1) instructiontypes, (2) min/maxstall cycles,
and(3) min/maxstructuraloccupancies.

RelaxedLimit Con gurations-Based CompressionScheme.
In this relaxedlimit-basedscheme only the de ning instruc-
tion typesand min/max stalls are comparedor equality By
not comparingstructuraloccupancieshis relaxed schemecan
resultin highercompressiorbut lower accurag comparedo
thelimit-basedscheme.



Instruction Segment Characteristics-Based Compression
Scheme. The intuition behind this characteristics-based
schemeis thatif instructionsegmentslook the same(i.e. have
the sameinstruction sggment characteristics)then they are
morelikely to have the samenumberof stall cyclesunderall
con gurations. In this schemetwo segmentsareequalif they
have (1) equivalentsegmentlengths,(2) identicalinstruction
typesfor eachinstructionin the sgment,(3) identicalinstruc-
tion cacheand branchprediction locality characteristicfor

eachinstructionin the sgment,and(4) equivalentdependence

distancedor all but the rst instructionin the sggment.

By varying the compressiorschemethe DTC can adjust
CIST sizeandaccurag without affecting the operationof the
performancenodel.Becausalifferenttypesof benchmarldif-
fer in their characteristiceindinstructionsegmentpro les, we
foundthateachcompressiorschemeperformedbest(in terms
of speedand accurag) for somedifferent subsetof the 24
SPECCPU2000benchmarkstudied.

5. AXCIS Performance Model

The APM performsa single linear dynamicprogramming
passover the instructionsegmentsin a CIST to computethe
performancef a processocon guration. Performanceanbe
expressedn instructiongpercycle (IPC) as:

Total_Ins
IPC . 1
Total_Ins  Total_EffectiveStall_.Cycles @)

wherethe denominatorequalstotal cycles. Becausehe total
numberof instructionsis recordedn the CIST, themainjob of
the APM is to calculatethetotal effectivestall cycles

Eachinstructionin the CIST experiencessomenumberof
effectivestall cyclesdueto its dependenciesThe APM cal-
culatesthetotal effective stall cyclesby takingthe sumof the
effective stall cyclesof eachde ning instructionin the CIST
weightedby thefrequeng countsof thecorrespondingnstruc-
tion sggmentsasfollows:

Total_Effective Stall_Cycles (2)
CISI.Slze Freq(i)

1 Effective Stall_Cycles(Defins(i))
wherei indexesover instructionsegments.

Using dynamicprogrammingthe APM traverseshe CIST
andanalyzeseachinstructionsegmentin order For eachseg-
ment,the APM needonly calculatethestall cyclesof thede n-
ing instructionbecausehoseof earlierinstructionsin the sey-
menthave alreadybeencalculated Usingthis ef cient method,
theamountof work requiredto calculatethetotal effectivestall
cyclesis directly proportionatto thenumberof segmentsin the
CIST, which canbe mary thousand®f timessmallerthanthe
totaldynamicinstructionsn theoriginal trace.

Theeffective stallcyclesof aninstructionaredeterminedy
its (1) datadependencie$?) functional-unitstructuralhazards
(3) primary-misstag structuralhazards,and (4) control ow

Net Stall | ProgOrd Data |PrimMiss
Cycles Dep Dep | Dep
Id_miss 0
int_ALU 1 \
Id_hit 0 )
int_ALU 1 [=]
st_miss  |max(?=2) ~ =7~

AN Bept)enderlc
MAX { 1, [ Latency(int_ALU) = 3] istance =
[ Dep_Dist = 1]

[ Intermediate
Ins Stalls= 0]} = 2 data dep stalls

Figure 6. Calculation of stall cycles from data depen-
dencies.

eventsfrom the instructioncacheandbranchpredictor Each
of thesefactorscausesomenumberof stall cycles(positive, 0,
or 1). If aninstructionis in uenced by morethanonefactor
its effective stall cyclesarethe maximumof all its stall cycles.
When an instructionissuesin parallelwith one or more pre-
cedinginstructionsijts effective stall cyclesaresetto 1. This
allows thetotal effective stall cyclesto be negative to achieve
an IPC greaterthan1. In the following, we describehow to
computethe stallscausedy eachfactot

Data Dependencies. Data dependencieinclude RAW and
cache-linedependenciesyhosestall cycles are expressedy
thefollowing equation:

Data Dep Stalls consumer 3)
MAX[ 1 Latencyproducer DepUDist
consgmerl
a Effective Stall.Cyclesins; ]
i producer 1

The lateng of the produceris provided by the input con g-
uration,andthe dependencéistanceis recordedwith the in-
struction. The effective stalls of the intermediateinstructions
betweertheproducermandconsume(Effective Stall Cyc ins; )
have alreadybeencalculatedand canbe looked up in earlier
segmentdn the CIST.

Figure 6 calculatesthe data dependeng stalls for the
st _miss de ning instruction. The producerassociatedvith
the datadependengis the latestint _ALU instruction,which
is a distanceof 1 away from the st _miss . Assumingthat
ALU instructionstake 3 cyclesto completethest _miss ex-
perience® datadependengstalls.

Functional-Unit Structural Hazards. To detectstructural
hazardson issuewidth and functional units, the APM mod-
els the relevant microarchitecturaktateassociatedvith each
instructionusingissuegroupandfunctional-unitstructural oc-
cupanciesAn issuegroupoccupang is anintegerrepresenting
thenumberof instructionsn anissuegroup.A functional-unit
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int_ALU 1
Id_hit 0 \
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Figure 7. Calculation of stalls from functional-unit
structural hazards.

occupang is an array of integers,whereeachelementrepre-
sentsthe numberof units allocatedfor a particularinstruction
typein theissuegroup.

Using the samesegmentas before,Figure 7 calculateshe
stallsof thest _miss instructionarisingfrom functional-unit
structuralhazards.First, the occupanciesf thest _miss are
initialized to matchthoseof the producerof the program-order
dependeng (the latestint _ALU instruction). Thenthe APM
identi es ary structuralhazardsy comparinghemodeledoc-
cupanciesvith the machineparameterin theinput con gura-
tion. In this example,thereis an available LSU and enough
issuebandwidthto allow the st _miss to issuein the current
issuegroup. Thereforethe functional-unitstructuralhazard
stallsaresetto 1. However, if structuralhazardshad been
detectedthesestallswould have beensetto 0, indicatingthat
theinstructionissuesn anew group.Currently we only model
fully pipelinedfunctionalunits,but we canextendthe APM to
modelpartially pipelinedunits by applyingthetechniqueused
to modelprimary-misstagsdescribedelow.

Primary-Miss Tag Structural Hazards. To detectstructural
hazardson the primary-misstags,the APM modelsprimary-
misstag occupanciesvhich arearraysthatcapturethe stateof
the primary misstagswhenan instructionissues.The size of
eacharraycorrespondso the numberof primary misstagsin
the con guration, and eachelementrepresentshe numberof
cyclesuntil thetagbecomeswvailable.

Continuingwith our example,Figure8 calculateghe stalls
of thethe st _miss arisingfrom primary misstag structural
hazards. First, the miss tag occupang is initialized to that
of the producerassociateavith the primary-missdependeng
which in this caseis the ld _miss . After initialization, the
APM updateghe misstagoccupang to correspondo thecur-
rentcycle, insteadof the cycle theld _miss wasissued. To
dothis,the APM computeghe numberof elapsedtyclessince
theld _miss wasissuedoy summingthedependencdistance
totheld _miss (4) with thenetstallsexperiencedy all inter-

Primary miss tag
Occupancy(3 tags)

Net Stall ProgOrd| Data| PrimMiss
Cycles Dep Dep | Dep

Id_miss 0 tagl tag2 tag3
499 30| 60
int_ALU 1 \
Id_hit 0 \
int_ALU 1 /
. e ~ / 1. Initialization
st_miss max( 2, tagl tag2 tag3
1’ ]
2= 28) | 499] 300 |

2. Subtract Elapsed Cyclg
tagl tag2 tag3

[ [(] 5

Stalls from primary miss tag structural hazards = 28 cyclesJA

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

Figure 8. Calculation of stalls from primar y-miss tag
structural hazards.

[ Icache | BranchPred. |

hit incorrect& taken/nottaken
hit correct& taken

hit correct& nottaken -1

miss | incorrect&taken/nottaken | memorylateny +
mispred.penalty
memorylatengy

memorylateng - 1

Stall Cycles |
mispred.penalty
0

correct&taken
correct&nottaken

miss
miss

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

mediatenstructiony 2). Thenthe APM subtractsheelapsed
cycles(2) from eachentryof themisstagoccupang. Next, the
APM calculateghe stallsby nding theminimumvaluein the
misstagoccupang, whichin this cases 28 cycles.

Control Flow Events. Stalls from control ow eventsare
causedy instructioncachemissespbranchmispredictionsand
correctly predictedtaken branches. Theselocality eventsdi-
rectlymapto aninstructionscontrol o w stallcycles,asshovn
in Tablel. In our sampleinstructionsegment,if thest _miss
hit in theinstructioncachejs correctlypredictedby thebranch
predictor anddoesnotfollow atakenbranchijt will experience
1 control o w stalls.

Calculating Net Stall Cycles. After calculatingthe stalls
from eachdependeny the APM computeghe effective stall

cycles of an instruction by taking the maximum of all its

stalls. In our example,the st _miss instructionexperiences
MAX 2 128 1 28effectivestallcycles.Next,the APM

usesthe effective stall cyclesto updatethe instructions struc-
tural occupancieso correspondo the microarchitecturastate
aftertheinstructionissues.



Con®gurations

Parameter 1] 23] 456 [7]8]9J]10o]J11] 12
issuewidth 1 1 1 1 4 4 4 4 8 8 8 8
# primary-misgtags || 1 1 8 8 1 1 8 8 1 1 8 8
memorylateny 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 simulated con gurations

[ Parameter | Value
int alu/noplateny 1
int mult lateny 8
int div lateny 16
“oatadd/cmp/cvtateny 4
“oatmult latengy 4
“oatdiv lateny 16
“oatsqrtlateny 24
L1 latengy 3

branchmispredictionpenalty | 3
L1 instructioncache 16KB, directmapped,

32byteblocks
L1 datacache 16KB, 4-way associatie,
32byteblocks
Memoryaccesbuswidth 32bytes
Branchpredictor bimodal
Branchtargetbuffer 512sets4-way associatie
Returnaddresstack 8 entries

Table 3. Shared con guration parameter s.

6. Experimental Setup

We evaluatedAXCIS againstour baselinecycle-accurate
simulator SimInOrderwhich modelsthesameprocessochar
acteristicsasAXCIS. Both AXCIS andSimInOrderareimple-
mentedon top of sim-safe , aninstruction-level execution-
drivensimulator andthecache andbpred frameworksfrom
the SimpleScalaB.0tool set[3]. In our experimentswe used
theAlphabinarieg13] of 24 SPECCPU2000benchmarksind
their correspondingeference  input sets(one input was
selectedfor benchmarkswvith multiple input sets)[14]. We
could not run the othertwo SPECbenchmarksfma3d and
sixtrack , dueto problemswith our simulationframework.

In orderto examinethe behaior of AXCIS acrossa wide
range of designs,we simulated12 machinecon gurations,
shavn in Table2 thatdiffer in issuewidth, numberof primary
misstags,memorylateng, andnumberof functionalunits for
eachinstructiontype. Table3 shaws the functionalunit laten-
cies,cacheandbranchpredictorparameter¢hataresharecdby
all con gurations.

Table4 shaws the limiting con gurationsusedin the limit-
basedand relaxed limit-based compressionschemes. The
minimum con guration is composecdf parameterslescribing

that span alarge design space .

[ Parameter [ Min Con®g| Max Con®g|
issuewidth 1 10
# primary misstags 1 20
# unitsfor eachinstructiontype 1 10
branchmispredictiorpenalty 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 limit-based compression schemes.

minimum bandwidthand maximum lateng, while the max-
imum con guration consistsof parametersiescribingmaxi-
mum bandwidthandminimumlateng.

7. Evaluation

We evaluatedAXCIS for both accurag andspeed. Accu-
ragy is measuredn termsof the absolutelPC error between
resultsobtainedfrom AXCIS andSimInOrder

AbsolutelPC Error
100 AXCISIPC  SimInOder.IPC

SimInOder.IPC

Speeds measuredn termsof the numberof CIST entries,an
implementation-independémetric that hasa linear relation-
shipwith the APM's simulationtime. For referencewe also
shav the APM's executiontimesfor ourimplementation.
Beforepresentingesultswe rst provide someintuition be-
hind AXCIS's behaior. A dynamictracecanbe represented
by a long chain of unique overlappinginstructionsegments,
one per dynamicinstruction. If this entire chainwere stored
in a CIST andsimulatedby the APM, the IPC errorwould be
zero. But, without compressinghe instructionseggments,the
APM would (1) achierze no speedupover detailedsimulation




becausét would still be calculatingstall cyclesfor every dy-
namicinstruction,and(2) the CIST would be muchlargerthan
theprogramsdynamictrace,sincethe CIST storesoneinstruc-
tion sggmentperdynamicinstruction.

Using an ideal losslesscompressionscheme,the DTC
would compressogethenrall instructionsegmentsthathave the
samestall cyclesacrossall con gurations,allowing the APM
to achieve perfectaccurag with reducedsimulationtime. Ideal
losslesscompressioris impracticalto implementand, in ary
case,losslesscompressioris not ideal if we are preparedto
tradesomeaccurag for reducedsimulationtime. Eachof our
proposedcompressiorschemesapproximateghe ideal com-
pressionschemewhile selectinga differenttradeof between
simulationspeedand accurag. In the following subsections,
we evaluateAXCIS usingthelimit-based relaxedlimit-based,
andcharacteristics-basembmpressiorschemesteferredto as
AXCIS_LB, AXCIS_RLB, andAXCIS_CB respectiely. More
detailedresultsontheseschemeganbefoundin [7].

7.1 Limit-Based Scheme

We evaluatedAXCIS_LB on the 24 benchmarkgor 10 bil-
lion dynamicinstructions.However, sinceour implementation
of the AXCIS DTC andAPM keeptheentireCISTin memory
we hadto terminate ve integerbenchmarkgcrafty , mcf,
parser ,twolf ,andvpr )ataroundl.4,6.7,3.6,3.5,and3.5
billion instructionavhentheir CISTsgrew toolargeto t in the
3GB virtual memorylimit on our 32-bit Linux machinesThis
memorylimitation canbe addressethy (1) runningin alarger
virtual addresspacege.g. 64 bit machine)(2) augmentinghe
implementatiorsothatonly portionsof the CIST needto bein
memory and(3) improving thecompressioschemeWe chose
to focusonimproving thecompressioschemesinceit alsode-
creasesnodelingtime. The resultsof our improved scheme
(AXCIS_RLB) for these ve benchmarksrepresentedn Sec-
tion 7.2. In this section,we presentandanalyzethe resultsof
the 19 benchmarkshatcompressvell usingAXCIS_LB.

Figure9 (a) shavs thedistribution of absolutd PC errorsof
AXCIS_LB, speci edin 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 accurateand con guration independent.
TheaveragelPC errorover all con gurationsandbenchmarks
is 4.8%. AXCIS_LB performsbetteron the integer bench-
marks,with anaverageerrorof 2%, while theaverageerrorfor
the oating-point benchmarkss 6.5%. The medianerror for
eachbenchmarks within 10.8%,and15 of the19 benchmarks
have medianlPC errorslessthan5%. Exceptfor four oating-
pointbenchmarks¢applu , facerec ,galgel ,andmgrid ),
themaximumerrorfor eachbenchmarks within 10%.

The limit-basedcompressiorschemeperformspoorly for
applu , facerec , galgel , andmgrid becausenary in-
structionsegmentsthat it considersequialent(i.e., have the
samestall cycles) in the min and max con gurations have
very differentstall cyclesin someintermediatecon gurations.
Sincethe resulting CIST doesnot distinguishbetweenthese

segments, the stall cycles calculatedin theseoutlying con-
gurations have high errors. Another potential causefor er
ror is that CISTsdo not capturedependenciethat spanmore
than512instructionswhich affectsthe modelingof structural
occupanciesparticularly the primary misstags. Section7.3
presentsesultsfor AXCIS_CB which achiezeshigh accurayg
for thesefour oating pointbenchmarks.

Figure9 (b) shovsthenumberof CIST entriesandthe aver-
ageAPM executiontime for eachbenchmarkWithout CISTS,
a corventionalsimulatorwould have to simulateall 10 billion
dynamicinstructions,which takes around5 hourson Siml-
nOrder Using AXCIS_LB the APM analyzesaround260,000
instructionson averagefor eachbenchmarktakingabout0.72
seconds.The minimumandmaximumnumberof instructions
analyzedoy the APM are5,721and 1.29million instructions,
takingon average0.02secondsnd3.1secondsfor wupwise
andperlbmk respectiely. While the numberof CIST entries
for a benchmarkis constantover all con gurations,the APM
executiontime variesbecause¢he amountof work doneateach
CIST entryvariesslightly dependingn the con guration.

7.2 RelaxedLimit-Based Scheme

Using a more relaxed de nition of instruction segment
equality AXCIS_RLB decreasethenumberof CIST entriesof
the veintegerbenchmarksgcrafty ,mcf, parser ,twolf |,
andvpr ) by 24% on average,comparedo AXCIS_LB. The
DTC wasableto nish all 10 billion dynamicinstructionsfor
thetwo benchmarkgcrafty , andmcf). However, the DTC
ranout of memoryafter4.8,5.7,and9 billion instructionsfor
vpr , twolf |, andparser , respectiely. We presenthe re-
sultsof AXCIS_RLB on theseb benchmarkgor 4 billion dy-
namicinstructions.Dueto limited machinetime andthe long
simulationtimes of SimInOrder we decreasedhe numberof
simulatedcon gurationsfrom 12 to the 6 shawvn in the even
columnsof Table2, while still coveringalargedesignspace.

Figure10(a)shavsthatAXCIS_RLB is highly accurateand
con gurationindependentor thesebenchmarksachiezing an
averagelPC error of 2.6% and tight error distributions. As
shawvn in Figure 10(b), the numberof CIST entriesis signif-
icantly lessthanthe 4 billion dynamicinstructionssimulated,
allowing the APM to achieve averageexecutiontimeson the
orderof seconddor eachbenchmark. AXCIS_RLB performs
well evenwith a loosede nition of sggmentequalitybecause
these ve integer benchmarksave limited ILP, andtherefore
structuraloccupanciesre lessimportantin determiningstall
cyclesacrosscon gurations. Note that AXCIS_LB would be
evenmoreaccuratehanAXCIS_RLB, asit hasa strictly more
discriminatve equalitycheck.

7.3 Characteristics-BasedScheme

AXCIS_CB, is much more accuratethan AXCIS_LB for
applu , facerec , galgel , and mgrid . However, this
accurag cameat the cost of compressibility Figure 11(a)
comparestheir absolute IPC error distributions using the
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characteristics-basednd limit-based compressionschemes.
Both setsof datacorrespondo CISTs generatedrom 3 bil-
lion dynamicinstructionsandthe 6 con gurationsdescribed
in the even columnsof Table 2. Using AXCIS_CB, the av-
eragelPC error of thesefour benchmarksvas reducedfrom
13.97%to 3.33%, and their maximum errors decreasecy
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 sey-
ment equality than AXCIS_LB. Being more consenrative,
AXCIS_CB compressefewer segmentstogethey resultingin
increasedaccurag but more CIST 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-
triesincreasesisingthecharacteristics-basad¢hemealthough
AXCIS_CBiis still ableto completethe simulationswithin sec-
onds.

7.4 Dynamic Trace CompressionSpeed

CIST generationshould take aboutas long as functional
simulation becausethe dynamic trace compressoranalyzes
eachdynamicinstruction. However, our unoptimizedtrace
compressoimplementationwvas aboutfour timesslower than
SimInOrdetbecausét encounteretbng collision chainsin the
simplehashtableusedto performthe matchingof new instruc-
tion segmentsto existing ones. An optimizedimplementation
shouldperformmuchbetter NeverthelessCIST generatioris
performedonly onceper benchmarkso evenwith our current
implementation AXCIS is muchfasterthan detailedsimula-
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tion whenexploring mary designpoints.
7.5 Discussion

Becausehe compressiorschemeloesnot affect the calcu-
lationsperformecdby the APM, the DTC canusedifferentcom-
pressiorschemeto createCISTsfor differentbenchmarkswe
de ne the bestschemefor a benchmarkto be the oneresult-
ing in the highestcompressionwhile still maintainingsuf-
cient accurag. More relaxed compressiorschemessuchas
AXCIS_RLB and AXCIS_LB highly value compression.In
general theseschemesre bestfor codesthat arelessrepeti-
tiveandrequiretheaddedemphasi®n compressiorin orderto
generatecompactCISTs. Integer codes,which tendto have
large instruction working setsand low instruction-level par
allelism (ILP), fall into this category. Dueto low ILP, more
stallsarisefrom datahazardghan structuralhazards. There-
fore matchingstructuraloccupancies notasimportantfor the
integercodesasthe oating pointcodeswhich have high ILP.
StrictercompressiorschemesuchasAXCIS_CB valueaccu-
ragy over compression. Theseschemegenerallywork best
for codeswith high ILP andlots of repetition(e.g., oating
point benchmarks)hat compensatéor the lower emphasisn
compressiomo generateompaciCISTs. Also, instructionseg-
mentsin highly repetitive codeshave moresimilaritiesandmay
beharderto distinguish requiringthe stricterequalitycheck.

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 . Usingthebestschemdor eachbench-
mark, AXCIS is highly accurateand con guration indepen-



dent,achieving anaveragelPC error of 2.6%with anaverage
errorrangeof 4.4%. Exceptfor galgel  with amaximumer-
ror of 25.3%,themaximumerrorof all benchmarkss lessthan
10%. AXCIS is alsovery fast,completingsimulationscorre-
spondingto billions of dynamicinstructionswithin seconds.
Usingpre-generate@ISTs,AXCIS is over 10,000timesfaster
thandetailedsimulation.

In additionto estimatingperformanceAXCIS canbe used
to predictothermetricssuchasbuffer occupanciesndfunc-
tional unit utilization becausell necessarynformationis al-
ready storedin the CIST. For example, we alreadyestimate
structural/luffer occupanciesn orderto calculatestall cycles.
Also, sincethe absoluteaccurag of AXCIS is mostly consis-
tentacrossabroadrangeof con gurationsfor eachbenchmark,
AXCIS shouldtrack designchangesand identify interesting
portionsof aperformancesurve.

Most of the ideasaddressedn this papercan apply to
bothout-of-orderandin-orderprocessorge.g.,instructionsey-
ments,CISTs, the Dynamic Trace Compressomethodology
andinstructionsegmentcompressiorschemes)Only the stall
calculationalgorithmperformedby the APM requiresconsid-
erablechangedo modelout-of-ordemprocessorsNote thatwe
alreadydealwith buffered stateand long overlappedstall la-
tencies.e.g.,in our handlingof primary missstalls. To model
morecomplex out-of-orderprocessorghe stall calculational-
gorithm performedon eachde ning instructionin the CIST
would needto alsotake into accounthestallsof alimited num-
berof de ning instructionsthatoccurlater in the CIST, in ad-
dition to the stalls of instructionsthat are within the de ning
instructions segment. We leave this for further work. Also,
AXCIS canbe easily extendedto modelotherISAs. For ex-
ample,to modela CISCISA, wewould rst translatecomplec
instructionsinto RISC-like ops(micro-ops)andthengenerate
theCIST. AXCIS couldalsobemodi ed to modelVLIW ISAs,
sincewe alreadymodelmultiple-issueanachines.

8. RelatedWork

Thetime-stampinglgorithmusedby Loh [8] ef ciently ap-
proximatesdetailedsimulationbut doesnotreducethe number
of simulatedinstructions.This techniquds similar to the way
we modelstructuraloccupanciesHowever, sincethe AXCIS
PerformanceModel analyzeoonly the de ning instructionsin
CISTs,theruntimeof AXCIS shouldbemuchfaster

lyengaret. al. [5] generatededucedracesbasedon fully
quali ed instructionswhich aresimilar to our instructionseg-
mentsexceptthey containonly the previous n instructionsas
context. Ourinstructionsegmentsmoreaccuratelycapturedy-
namicinstructioncharacteristichy adjustingsegmentlengths
to include all producinginstructionsassociatedvith relevant
dependenciesAlso, their generatedracesaretailoredtowards
a speci ¢ system,making their schemeless appropriatefor
largedesignstudies.

In statisticalsimulation,statisticalpro les on programand
locality characteristiceregatheredrom a programs dynamic
executionto generatea synthetictracefor simulation.Simpler
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modelsgeneratedracesbasedon global distributions of pro-
gramand locality characteristicswhile more detailedmodels
gatheredlistributionsasa function of someparametesuchas
basicblock size. In general,more detailedstatisticalmodels
lead to higheraccurag. However, asthe compleity of the
modelsincreasesthe dif culty in generatingsynthetictraces
to matchthosemodelsalsoincreases.AXCIS bypasseghis
problemby directly calculatinglPC from the instructionsey-
mentsin CISTs, insteadof simulatingfrom a generatedsyn-
thetic trace. Statisticalsimulationtechniquessuchas|[9, 11]
createdsynthetictracesby randomly generatinginstructions
from statisticalpro les. Thesetechniquesxperiencedigher-
rors for certainbenchmarksand designsbecausehe original
instructionsequenceandrelationshipsverenot maintainedn
the synthetictrace. Eeckhoutet. al. [4] improved thesesta-
tistical techniquesby introducing control o w modeling us-
ing statistical o w graphs(SFG) on basicblocks. Although
SFGsenabledEeckhoutto capturethe original instructionse-
guencesnddependenciewithin basicblocksincludedin each
nodeof the graph,theseoriginal sequenceanddependencies
werenot maintainedacrosghebasicblocksof differentnodes.
AXCIS generateISTsby compressingway redundantse-
guence®f instructions. Unlike synthetictraces,CISTs natu-
rally captureoriginal dynamicinstructionsequenceso faith-
fully maintainall necessaryelationshipdetweerdynamicin-
structionsaswell astheir programandlocality characteristics.
CISTscanevenaccuratelyrepresenapplicationswith multiple
phasessuchasgcc and highly repetitve code patternssuch
asthe oating point benchmarksallowing AXCIS to achieve
highaccurag acrossawide rangeof benchmarksindcon gu-
rations.

After pro ling dynamicprogramexecution,Ofeltet. al.[10]
computedmachineperformanceby aggreatingthe estimated
performanceof individual paths. Path performancewas ap-
proximatedusinga combinationof simulationand analytical
modelsthat accountedor complicatedrelationshipshetween
baseand successopaths. Becausanstructionsegmentscap-
tureall necessaryelationshipdetweerindividualinstructions,
the AXCIS performancemodel doesnot needto modelintri-
caterelationshipsbetweendisjoint instructionsequencesAn-
otherdifferenceis that AXCIS usesdynamicprogrammingto
directly calculateperformancewhich canbe fasterthansimu-
lation.

AXCIS differsfrom theseabore worksin thatAXCIS mod-
elsin-orderprocessorsyhichis easielin somewaysbut harder
in others. For example,becausdhe reorderbuffer in out-of-
ordercoresaverageghestallsfrom dependenciesut-of-order
coresmay be easierto modelusingstatisticalsimulationthan
in-ordercores.

9. Conclusion

This paperpresentedAXCIS, a framework for accelerat-
ing architecturakimulationin large designspacestudies.Us-
ing instruction sggmentsthat elegantly encapsulatall impor-
tantprogramcharacteristicsurroundingadynamicinstruction,



AXCIS compresses programs dynamic instruction stream
into a CanonicalnstructionSegmentTable(CIST) thatis used
to quickly andaccuratelysimulatea large numberof designs.
We proposedand evaluatedthreecompressiorschemeseach
with adistinctaccurag vs. speedradeof. Usingthebestcom-

pressiorschemdor eachworkload,AXCIS is highly accurate
andcon gurationindependentachiezing anaveragelPC error

of 2.6%. Using pre-computedCISTs, AXCIS is over 10,000
timesfasterthandetailedsimulation.
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