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Abstract

This paper examinesseveral techniquesfor static tim-
ing analysis. In detail, the first part of the paperanalyzes
theconnectiorof predictionaccuracy(worstcaseexecution
time) and applicability of a methodolgy for modelingand
analysisof instructionaswell asdata cacebehavior The
secondpart of the paper proposesa timing analysistec-
niguefor superscalarprocessos. Theobjectsof our stud-
iesare two processos of the PoverPCfamily, in particular
the PPC403andthe MPC750.

1. Introduction

The natureof anembeddedystemis given by its func-
tional aswell asits nonfunctionarequirementsf thespec-
ification. Consequentlythe designof an embeddedsys-
tem entails several hardware/softvare codesignproblems.
Hereby the first designstepis the partitioninginto a sys-
tem architecture splitting into software and hardware re-
latedparts. The partitioningstepis of extremeimportance,
dueto thefactthatall following designstepsareinfluenced
by it.

In orderto obtainreasonableesults toolsthatevaluate,
estimateandjudgethe performanceof all possiblesystem
architecturesn a quick mannershouldbe provided. There-
fore, the timing performanceanalysisof softwarerunning
on embeddednicrocontrollershasbeenof growing impor-
tance. If a systemdoesnot meetits timing constraintsijt
doesnot meetthe functional requirementsither because
this canhave disastrousonsequences.

Timing analysisresultscan be receved by simulation
emulationor statictiming analysis Statictiming analysigs
a techniquewhich collectsinformation aboutthe program
structureaswell asof the microcontrollerat compiletime

ratherthanat runtime. Then,this analysisgechniqueshould
provide a worst caseexecutiontime (wcet) Generally this
value shouldbe safe(thereforeconserative) and accurate
(in orderto save resources)Unfortunately the morecom-
plex the embeddednicrocontrollersthe more challenging
the taskto tightenthe analysisresults. However, thesere-
sultsmightbeasexactenoughto spanaguidelinefor trade-
off decisiondor partitioning,aswell asto provideinitial in-
formationfor software developmentwithin areal-timeop-
eratingsystem.

Statictiming analysisis a subjectof researcHor some
time. Here,the mostgeneralpproactwaspresentedby L |
et.al. [4]. Butin theend,all previous survweys wereeither
limited to more basicRISGprocessorg4][6] or to single
architecturapropertieg3][2]. Moreover, mostobtainedre-
sultswerevalidatedby simulationandnot by usinga “real-
world” ervironment.Lim et. al. [5] first introduceda anal-
ysistechniquefor multiple-issuegprocessorfor their analy-
sisframenvork ETS But, they restrictedheir experimentgo
this featureanddid not have meaningfulvalidationresults.

That's why we movedsystemsn the centerof our atten-
tion which containprocessoimplementation®f the Pow-
erPCfamily. They run on the baseof the same(or at least
similar) assemblepr machinecode,but have differentar-
chitecturalfeatures. This madeit possibleto comparethe
processommplementationsvith the prospecto theirtiming
behaior on the onehand,andenableda true validation of
the resultsof the statictiming analysison the other For
themomentwe focusedon predictiontechniquegor mem-
ory andbusbehaior includinginstructionanddatacaching,
for multiple-issuepipelinesandfor theinteractionof these
characteristicsaswell. Further we examinedsomeof the
predictionalgorithmsto seeif they are practicablein any
casedueto their analysiscomplexity or if not, if therewas
afeasiblesolutionin orderto decreas¢he estimationcost.

Thus,the paperis organizedasfollows. In Section2 we



introduceour researchervironment. In particular we ex-

plain a generalizedriew on staticanalysiswhich caninte-

grateseveralapproachesf previouswork, andwe describe
the validation ervironmentin detail. The subsequensec-
tionsareaboutour experimentsvhich we mentionedabove.

Thus,section3 analyzeghe performancesffectsof instruc-
tion caches.In addition, herewe surweyed analysiscom-

plexity andproblemsn modelingdatacachebehavior. Sec-
tion 4 presents techniquewhich is applicableto multiple-

issuepipelines.Finally, section5 summarizeshe paperand
concludeswith futureworks.

2. Static timing analysis
2.1. Methodology

Slightly contraryto otherconceptswe would like to in-
troducestatictiming analysisasa procesof modelingand
analyzing.In detail,it is dividedinto threemajortasks:pro-
grampathmodeling architectural modelingandtheanaly-
siscomposition(Figurel).
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Figure 1. Static timing analysis methodology

A programimplementation1; (eithermachinecodeor
high level language}o be analyzeds translatednto anin-
ternalrepresentatioiiilyy which depictsthe structureof the
program. This is eitheran hierarchicalcontrol flow graph
(Mm1) [4] or anotherhierarchicalorganizationof program
constructgMy2)[6]. Fromthis, the base(Mgy»...) for tim-
ing analysiscan be extracted. Theseare either code se-
guencedormed by basicblock segments,line block seg-
ments[4], high level programconstructg6], superblock
segmentsor inter-block relationsaswell. Besidesa mix-
ture of differentanalysisblocksfor statictiming analysisis
concevable.This complieswith thehierarchicaFlow graph
clusteringandtreatmenbf ERNST et.al. [1].

In general,static reasoningaboutworst casetiming is
anundecidableroblemdueto the facts,thatthe executed

programtracedepend®n theinitial programstateandthe
appliedinput values. To make this problemtractable the
programpathmodellly mustnotcontainunboundedoops,
any director indirectrecursion or dynamicfunctionrefer
ences[9]. Ultimately, then, the programpath model My
mustcontainuserprovidedruntimeinformationof pathex-
ecutionby providing executionnumbersor by providing in-
formationof pathrelation.

Consideringhe hugeamountof differentprocessoim-
plementation\;, the architecturamodelingprocesss split
into two stagesabstactionandprocessomodeling In the
first, a real processor\; with its several characteristicss
drawn asa simplified structuraland functionalmodel Ay
with simplified characteristics.In the secondstage,each
characteristiof model Ay is assignedo oneor moreal-
gorithmsAcy 2 .. of ametamodelAym for the description
of the behavior. Then,thesealgorithmscanbe appliedto
the analysisblocksmentionedabove. It is worth statingat
this point that algorithmsand analysisblocks are interde-
pendent.

From the above follows, that the analysiscomposition
falls into two stages,too. In the first, the timing for the
analysisblocks (My;) are computedaccordingto the ap-
propriatemetamodelalgorithms(Aci). In the secondthe
worst-caseexecutiontime is the sumof executiontimesof
all analysisblocksalongtheworst-casexecutionpath.

This brings us to the questionof the worst-casepath.
Here, for thefirst time, PARK [8] shaved the necessityof
consideratiorof pathrelations. However, this would lead
to exponentialpathenumeration.Nowadays,it is well ac-
ceptedhattheimplicit pathenumeratiompproach4] isthe
bestwayto boundthepossiblepathsto thefeasible.Implicit
pathenumeratiortakesthe timing analysisasan optimiza-
tion task,saymaximizethe sum-of-basic-block-timings.

2.2. The analysis environment

The methodologydescribedabove is implementedn a
timing analysistool called GRoMIT. Therebythe analysis
compositionis basedon the implicit pathenumeratiorap-
proach[4]. Thebasicstructureof GROMIT (Figure2) can
be seenasfollows: Its inputs are a assemblyprogramto
be analyzed(*.s), a descriptionof the functional pathre-
lation of that program(*.f) anda descriptionof processor
propertiecomplyingto the simplified processomodel Ay
(*.ppc). Its outputis a integer linear programming(ILP)
descriptionconsistingof a costfunction to be maximized
(derived from the first stageof analysiscomposition)and
structural(describingthe behavior of architecturafeatures
N¢i) andfunctional(describingpathexecutionnumberand
path relations)constraints. This can be given to an ILP-
solver (e.g.Ip_solwe)in orderto computetheworst-casesx-
ecutiontime (wcet).



Figure 2. The structure of the analysis tool

The analysissystemGROMIT is written in Javaandis
thereforeportableto differentplatforms.

Figure3 shovstheprocessomodelAy usedto describe
the several propertiesof the PowerPCprocessofamily. It
generallyconsistof afour-stagepipelinewith theassigned
functionalstaged-etch, Decode/IssueExecutionComple-
tion. Addedto that,therearemoduledike Caches Branch
Predictionor Memory

Thefetch stegeis directly coupledto thememaoryhierar
chy consistingof aninternalinstructioncacheandan exter-
nal, asynchronousnemoryof eithertype DRAM, SRAM
or ROM. Dueto differentaccesgimesof cacheandmem-
ory fetch latengy timeswill alsodiffer. Thus,we assume
cacheaccessetakesonecycle. However, memoryaccesses
haveto bemodeledasburstaccessesontrolledby different
parametersThe executionstage canhave multiple execu-
tion threads.Thereby the instructionsareissuedandcom-
pletedin order Load/storeinstructionscanaccesghe data
cacheor main memory Therefore,they canhave a deep
impacton the fetch stage.Theissuestage andthe comple-
tion stage have nofurtheranalysissemanticgxceptfor time
consumption Branch predictionis no matterof considera-
tion yet, but will beanissuefor futurework.

2.3. Thevalidation environment

An essentiabspecbf our work is the validationof the
analysisresultsin orderto draw conclusionsfrom it. We
setprocessor®f the PowerPCfamily in the centerof our
experimentsdue to several reasons. Above all, they all
complyto the PowerPCspecification the UserInstruction
SetArchitecture (UISA), the Virtual EnvironmentArchitec-
ture (VEA) and/orthe Opeiating EnvironmentArchitecture
(OEA), moreor less.Sure,this easeghe portability of pro-
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Figure 3. The processor model Ay of GROMIT

grams.But, first of all, it offersagoodopportunityto study
effects of differentarchitecturalpropertieswith respectto
the actualor predictedexecutiontiming. Hence,we have
chosentwo differentPowerPCimplementations the pro-
cessoPPC403ndthe processoMPC750.

The embeddednicrocontrollerPPC403s fully compli-
ant with specificationsfor 32-bit implementationsof the
UISA It providesa fixed point CPU with single cycle ex-
ecutionfor mostinstructionsaswell asinstructionanddata
cachesThis processois usedin anemulationervironment
called SPYDER[12] andruns with the real-time operating
systemVxWorks/Trnada The executiontiming wasmea-
suredby triggeringandgrabbingexternalsignalsthrougha
logic analyzer

TheMPC750is a 32-bitimplementatiorof the PowerPC
architectureaswell. It providesfive executionunitsin par
allel, whereasnly two instructionareissuedtogether(see
sectiond). All instructionsareissuedandcompletedn the
orderof thefetchedinstructionstream.In addition,thereis
abranchprocessinginit which hasnot furtherbeeninvesti-
gatedyet. Thememoryhierarchysupplieseparaténstruc-
tion anddatacacheunitsanda 64-bit accesso memory In
ourcasewedonothavealook ateithersecond-lgel caches
nor memorymanagemennechanism.

This processois mountedon a slot-0 board(MCP750)
integratedin a CompactPCkystem(CPX2108)[1. There,
the processorgperformancemonitor registersprovide the
ability to monitorandcountpredefinedeventssuchaspro-
cessorclocks, missesin the instruction cache, types of
instructions, mispredictedbranchesetc. Our application
MakeMonitor (written in Java) makesthosefeaturesavail-
ableto the user andthe programto be analyzedis instru-



mentedaccordingly Thus,aneasyandaccurateletermina-
tion of the programsuntimeis ensured.

3. Cache modeling and analysis

Cachesnayhave a greatinfluenceonthe runtimewhich
is illustratedin Figure4. Thus,the benchmarksun about
threetimes fasterwith an instruction cachethan without
ary. Onemay concludefrom that, thatthe predictionerror
is, at least,in this orderof magnitudeif therewasno con-
siderationof instructioncachemodeling. That's why it is
worth investigatingthe modelingandtiming analysiscon-
cerningthe accurag andthe costespeciallysincethey are
interdependent.
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Figure 4. Measured execution times of benc h-
mark programs on the processor PPC403GA

3.1. Methodology

Fromthe introductionof instructioncachedollows that
thereare differentfetch lateng timesfor cacheaccessn
caseof acachehit andfor memoryaccessn caseof acache
miss. Furthermorethe behaior of the instructioncache
dependson its structure(cachesize, line size, level of as-
sociatvity) andonits replacementechanismThis hasan
implicationfor programpathmodeling,architecturamod-
elingandanalysiscompositionaswell. Here,we will give
a shortoverview of theinstructioncachemodelingderived
from [4].

First, the programhasbeenreadinto aninternalcontrol
flow graph(CFG) structure(Figure 5a) consistingof basic
blocks(BB;) connectedy edgesrepresentinghe possible
programpaths. Secondly the basicblocks are subdiided
into line bloks (LB;). A line block containsall thosein-
structionsof a basicblock which are mappedto the same
cacheline. Becauseeachsingleinstructionof a line block
hasthesameor atleastsimilar propertieswith respecto the

fetchlateng timesandthereforeJine blocksare suitedfor
basicanalysis.
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Figure 5. The construction of the cache con-
flict graphs

The architecturalmodel describestwo issues: Which
line blockscompetefor the samecacheline andhow does
the cachereplacecompetindine blocks?Thefirst question
ismodeledby aso-calledcacheconflictgraph(CCG,Figure
5b), the secondby a cachestatetransitiongraph(CSTG).
Cacheconflict graphsdepict the control flow throughthe
competingline blocks. Figure 5a,bsenesasan example:
theline blockswith thesamecolor (gray, white) arecompet-
ing for the samecachdine (5a) andthus,the cacheconflict
graphcanbe constructed5b). The cachestatetransition
graph(see[4] for details)resultsfrom the cacheconflict
graphaswell as from the cachereplacemenmechanism
(e.g.PLRU? of theMPC750)andassociatiity (e.gtwo-way
associatiity of the PPC403).

Figure 6 shavs somepredictionresultsof benchmark
program$ running on processorswith instruction caches
at their different modeling variants. This demonstrates,
thatcachemodelingis absolutelynecessaryn orderto get
properpredictionresults.

3.2. Problems

The methodologyof cachemodeling and analysisde-
scribedabove raisesa few questionswith prospectto the
computabilityandapplicability.

The number of all possiblestatesof the cachestate
transitiongraphdependof the usedreplacemenstratay,
the associatiity n and the competingline blocks m and

1pseuddeastrecentlyused
2The processoPPC403doesnot provide a floating point unit. Here,
floating point benchmarksirenot considered.
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is given by NLry = ZLO% for LRU® and NpL gy =
2+=tsn o (L' for PLRU replacemenstratgy. Fromthis

m—i)!
it followsthat)the maximalpossiblenumberof statesof the
cachestatetransitiongraphexplodesquickly with the in-
creasingnumberof conflicting line blocks and the cache
associatiity.

This situationhasanimplicationto thewcetanalysisas
well. The morecomplex the cachemodel,the more com-
plex the cacheconstraintsneededand the more variables
usedby the ILP solwer.

3.3. Solutions

There are several approacheso reducethe numberof
statesof the cacheconflict graphandcachestatetransition
graphin orderto reducethe compleity.

We think, thatan properreductioncanbereachedy

e reducingthe numberof analysisblodksin orderto re-
ducethe numberof nodesin the cacheconflict graph
(CCG)andcachestatetransitiongraph(CSTG)

e modelinga less complex cache replacemenmeda-
nismin orderto reducethe numberof nodesin the
cachestatetransitiongraph(CSTG)

e modelinga lower level of cache associativityin order
to reducethe numberof nodesin the cachestatetran-
sition graph(CSTG)

Sleastrecentlyused

Reducing the number of analysis blocks Line blocks
which allocatethe samecacheline do not compete(Figure
5a). This enablegshe option of meming thoseline blocks
togetherto a single node (Figure 5b). The reducedcache
conflict graphcontainsmuch lessnodesas well as edges
(Figure5c). Thereforereducingthenumberof nodesn the
graphreduceghe numberof cacheconstraintdn the same
orderof magnitude. The numberof edgeswhich are syn-
onym for variablesof the ILP problemare reducedmuch
more. The cacheconstraintsaarethengoingto be extracted
asbefore.

The magnitudeof the graphreductiondependson the
sizeof the basicblocksandthe sizeof the cacheline. The
largertheratio of the cacheline sizeandthe averagebasic
block size,themorelik ely the meming.

Modeling a less complex replacement mechanism As
presentedabore, the differentreplacemenstratgies raise
differentcomputationatomplexity. Thus,the modelingof
aLRU stratgy insteadf PLRU simplifies,but doesnotadd
asignificanterror.

Modeling a lower level of cache associativity Thethird
approactdoesnot encroacton the modelingmethodology
asthe previousdoes.Corversely it reducescomplexity by
modificationof the cacheparametemassociatiity. Hereby
thecompetindine blocksareconstantratherthenthecache
size. Consequentlyif the magnitudeof the associatiity is
divided by two, thenthe cachesize is divided by two in
orderto ensureworstcaseconditions.

For all threetechniquesold, thatthe reductionof com-
putationalcompleity ontheonehandmeanghereduction
of accurag ontheothet

3.4. Results

In orderto assesshe effectsof the proposedapproaches
on the computationatomplexity andthe estimationaccu-
ragy, we carriedout someexperimentson benchmarkpro-
gramsrunningat the processoPPC403GAThereby each
benchmarkprogramrefersto a particularratio of program
sizeto cachesize. The PPC403provides a two-way set-
associatie instructioncachewith a size of 2 KByte. Each
of thetwo setsis organizedas64 linesof 16 byteseachand
theLRU replacemenstrateyy is used.

Figure 7 shows the associationof the time neededto
computethe instruction cacheconstraintstcy(y-axis), the
ratio of programsizeto cachesize (x-axis) andthe model
usedfor timing estimation(parameter).Figure 8 presents
the sameassociatiorof the time neededio solve the ILP
problem. The differenttypesA and B mentionedn Figure
7 andFigure8 referto the CCG (A, Figure5b) andreduced
CCG(B, Figure5c).
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As expected,modelinga two-way set-associate cache
is much more expensve than modeling a direct mapped
cache.Thus,ataratio of 5: 1 programsizeto cachesize,
the computationtime neededo determinethe cachecon-
straintsdiffers by two ordersof magnitude(Figure 7). A
similar behaior is givenin Figure8. Thetime neededo
solvethelLP problemis aboutin the sameorderof magni-
tudeasthe modelingtime. Unfortunately somelLP results
couldnotbegatheredlueto abugin the programlp_solve

Furthermoreit canbepickedoutfrom the Figures7 and
8, thatmodelsusingcachestatetransitiongraphgheretwo-
way set-associate cacheshremoresensitve to thediffer-
entanalysisblock types(A or B) thansuchwithoutary. In
fact, at thosemodelsbothtypesseemto diverge from each
otherregardingmodelingtime or ILP time.

Figure 9 shows the additional prediction errorswhich

arosefrom the discussednodelingvariants.It canbe seen
from thefigurethatthereis amoresignificantgainonaccu-
racy by usingthe next level of cacheassociatiity towards
theactualtwo-way set-associatity thanby usingthe more
precisemodelof thecacheconflict graph.
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Figure 9. The prediction errors of the cache
models

To summarizeFigures7 and8 shawv the significantre-
duction in computationtime by using the reducedCCG
instead of the CCG. Here, Figure 9 shavs a relatively
mauginal loss of accurag. The secondoption for reduc-
ing computatiortime, namelythemodelingof alowerlevel
of cacheassociatiity, would resultin a moresignificantre-
ductionin computatiortime at largerpredictionerrors.

Basically the introduced methodologyon instruction
cachemodelingis transferabldo the datacachemodeling
andanalysig4].

4. Analysis of multi-issue pipelines

The processoMPC750 provides a superscalararchi-
tecture, whereasthe instruction flow through the execu-
tion stageis shovn in Figure 10. A maximumof two in-
structionscan be dispatchedper clock cycle, but only one
instructionto eachexecutionunit. The instructionsare
strongly dispatchedas well as completedin the order of
the instructionstream. But, differentinstructionsmapped
ontodifferentexecutionunits may consumenulti-cycle la-
tencies.

4.1. Methodology

Here,the dynamicscheduleof the instructionsequence
of thebasicanalysisblocksis requiredin orderto determine
the executiontime. Basic analysisblocks might be basic
blocksor line blocks or supetblocks,aswell. Thelonger



theinstructionsequencehemoreaccuratehe modelingof
theactualscheduleln generaltherequireddynamicsched-
ule hasto considemll - dispatchgxecutionandcompletion.

instruction queue (in program order)

| i s s e s e
dispatch
Y
v v
[w1] [w2] [Lsu| [FPU| [SRU]|
,,,,,,,,,,,,,,,,,,,,, R
I - - - - - - I

completion queue (in program order)

U - integer unit

LSU - load/store unit

FPU - floating point unit
SRU - system resource unit

Figure 10. The model
MPC750

of the processor

Theanalysisnput, theassemblyprogram hasbeenstat-
ically scheduledby the compiler before. Thus, the order
of the instructionswithin the analysisblocksis given. In
thecaseof in-orderissueandin-ordercompletiorthisorder
will notbechangedy theprocessararyhow. We wouldre-
ferto it astheimplicitly givenresourceconstraintsincethe
compilerusedmachinedependeninformationlike number
of registersetc.,too. So,datadependenciesyhich areflow
dependenciesinti dependencieand outputdependencies,
canbe derived from the analysisblocks. Then,thosedata
dependenciesndthesequentiabrderof instructionsarethe
basisto specifya priority of eachsingleinstruction.|f there
were no datadependenciebetweenadjacentinstructions
they getthe samepriority. If thereweredatadependencies
they getdifferentpriority numberdn ascendingrdet

The processomodel provides several executionunits.
Thereby instructionscanbe mappedo oneor moreunits.
That's why we want to introducethe conceptsof assign-
ment bindingandallocation. Everyinstructioni is attached
to oneinstancey(i) of a resourcetype ry. The maximal
numberof instancesof ry is givenby a(ry). The assign-
mentof instructiontypeontoaresourceypeis givenby the
so-calledresourcegraphGgr. We wantto referto it asthe
explicitly givenresourceconstraints.

The schedulingprocesshasto find an appropriatebind-
ing with respectto the explicit given resourceconstraints.
Thereforewe useda constraindrivenlist schedulingalgo-
rithm (Algorithm 1) [11].

The nomineesetK; x of ry consistsof thoseinstructions
whosepredecessorarefinishedat thetimet. The setG; x
of ry consistsof thoseinstructionsexecutedin t. Finally,
throughthe function p a setS of maximalpriority canbe
choserfrom K; x in orderto getscheduled.The priority of
theinstructionsis setby theimplicitly givenresourcecon-

straints,explainedabove. With all that, differentschedules
1 for differentpipeline stateg(with/without cachesanbe
determined.

LI ST( AnalysisBbdk, Gr(Vr,Er),a, p) {
t:=0;
REPEAT {
FOR (k=1) to |VR| {
Det ermne Kgy;
Determne Gy,
Choose set of maximal priority
S| C Kik: |S] + |Gk < a(ry);

FOREACH (vi € S) T(v):=t;

}
ti=1t + 1;

UNTIL (all nodes v; are schedul ed);
RETURN (1);

Algorithm 1: Thelist scheduling algorithm

4.2. Results

Figurel1 shavsthegainof precisiorrecevedby model-
ing of multi-issuepipelinesin two casesThefirst coversthe
casethatthe processoMPC750andits model containno
cachesln the secondthe processoandits modelrun with
aninstructioncache.The gainof predictionis muchhigher
in caseonethanin casetwo. This canbeexplainedby their
differentanalysisblocks. In thefirst casebasicblocksand
in the secondcacheline blocksareused. In general basic
blockscontainmoreinstructionswhich canbe scheduledt
the sametime thancacheine blocks.
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Figure 11. The gain of precision received by
multi-issue modeling at the MPC750

Although, the gain receved by modelingof multi-issue
pipelinesis stronglysensitve to the distribution of instruc-



tions within the analysisblock, Figure 11 shows also the
dependenciesf the numberof branchegj f dctint - 1%,
mat cnt - 20% of all instructions)andthe possiblepredic-
tion gain.

The impact of modelingmulti-issuepipelinesis much
smallerthanthe impactof modelingthe memorybehavior
regardingthe predictionresults.

5. Conclusions and Future Work

The accurag of the predictionresultsandthe applica-
bility of the underlayingalgorithmsareinfluencedby sev-
eral parameters.In addition, both issuesare interdepen-
dent. Thus, the first part of this paperexaminedthis con-
nectionregardingmemoryand cachemodelingaswell as
analysis.In addition,here,we learnedby experienceabout
the difficulties of modeling more complex bus interfaces
(MPC750). The secondpart introduceda methodologyto
predictthetiming behaior for multi-issuemachines.

Modernprocessomrchitectureare designedo increase
the utilization of the parallelismwhich is inherentto pro-
grams. Besidepipelining, dataandinstructioncachingor
multi-issueprocessingspeculatie branchprocessings an
adwancedtechnique(e.g. provided by the MPC750)which
is stronglycoupledto thebehaior of thememoryhierarchy
Thiswill beexaminedin futurework.
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