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Abstract
The predictability of data valuesis studiedat a fun-

damentallevel. Two basicpredictor modelsare defined:
Computational predictors performan operation on pre-
viousvaluesto yield predictednext values. Exampleswe
studyare stridevalueprediction(which addsa delta to a
previousvalue)andlast valueprediction(which performs
thetrivial identityoperationon thepreviousvalue);
ContextBasedpredictorsmatch recentvaluehistory(con-
text) with previousvaluehistoryandpredictvaluesbased
entirelyonpreviouslyobservedpatterns.

To understandthepotentialof valuepredictionweper-
formsimulationswithunboundedpredictiontablesthatare
immediatelyupdatedusing correct data values. Simula-
tionsof integer SPEC95benchmarksshowthatdatavalues
can be highly predictable. Bestperformanceis obtained
with context basedpredictors; overall predictionaccura-
ciesare between56% and 91%. Thecontext basedpre-
dictor typicallyhasanaccuracyabout20%betterthanthe
computationalpredictors(lastvalueandstride).Compari-
sonof contextbasedpredictionandstridepredictionshows
that thehigheraccuracyof context basedpredictionis due
to relatively few static instructionsgiving large improve-
ments; this suggeststhe usefulnessof hybrid predictors.
Amongdifferentinstructiontypes,predictabilityvariessig-
nificantly. In general, load andshift instructionsare more
difficult to predict correctly, whereasadd instructionsare
morepredictable.

1 Intr oduction
Thereis acleartrendin highperformanceprocessorsto-

wardperformingoperationsspeculatively, basedonpredic-
tions. If predictionsarecorrect,thespeculatively executed
instructionsusuallytranslateinto improvedperformance.

Althoughprogramexecutioncontainsavarietyof infor-
mationthatcanbepredicted,conditionalbrancheshavere-
ceivedthemostattention.Predictingconditionalbranches
providesa way of avoiding control dependencesand of-
fers a clearperformanceadvantage.Evenmoreprevalent

thancontroldependences,however, aredatadependences.
Virtually every instructiondependson the resultof some
precedinginstruction. As such,datadependencesareof-
ten thoughtto presenta fundamentalperformancebarrier.
However, datavaluesmay also be predicted,and opera-
tions canbe performedspeculatively basedon thesedata
predictions.

An important differencebetweenconditional branch
predictionanddatavaluepredictionis that dataaretaken
from a muchlargerrangeof values.This would appearto
severely limit thechancesof successfulprediction. How-
ever, it hasbeendemonstratedrecently[1] thatdatavalues
exhibit “locality” wherevaluescomputedby someinstruc-
tionstendto repeata largefractionof thetime.

We arguethatestablishingpredictabilitylimits for pro-
gramvaluesis importantfor determiningtheperformance
potentialof processorsthat usevalueprediction. We be-
lieve that doingso first requiresunderstandingthedesign
spaceof valuepredictorsmodels.Consequently, thegoals
of this paperaretwofold. Firstly, we discusssomeof the
major issuesaffectingdatavaluepredictionandlay down
a framework for studyingdatavalueprediction.Secondly,
for importantclassesof predictors,weusebenchmarkpro-
gramsto establishlevelsof valuepredictability. Thisstudy
is somewhatidealized:for example,predictorcostsareig-
noredin order to more clearly understandlimits of data
predictability. Furthermore,the ways in which datapre-
dictioncanbeusedin aprocessormicroarchitecturearenot
within thescopeof this paper, so thatwe canconcentrate
in greaterdepthon thepredictionprocess,itself.

1.1 Classificationof ValueSequences
Thepredictabilityof a sequenceof valuesis a function

of boththesequenceitself andthepredictorusedto predict
thesequence.Althoughit is beyondthescopeof thispaper
to studytheactualsourcesof predictability, it is usefulfor
ourdiscussionto provideaninformalclassificationof data
sequences.This classificationis usefulfor understanding
thebehavior of predictorsin laterdiscussions.Thefollow-



ing classificationcontainssimplevaluesequencesthatcan
alsobecomposedto form morecomplex sequences.They
arebestdefinedby giving examples:

Constant(C) 5 5 5 5 5 5 5...
Stride(S) 1 2 3 4 5 6 7 8...
Non-Stride(NS) 28 -13-9910723456...

Constantsequencesare the simplest,and result from
instructionsthat repeatedlyproducethe sameresult. Li-
pastiandShenshow thatthisoccurssurprisinglyoften,and
formsthebasisfor their work reportedin [1]. A stridese-
quencehaselementsthatdifferby someconstantdelta.For
theexampleabove,thestrideis one,which is probablythe
mostcommoncasein programs,but otherstridesarepos-
sible, including negative strides. Constantsequencescan
beconsideredstridesequenceswith a zerodelta. A stride
sequencemightappearwhenadatastructuresuchasanar-
ray is beingaccessedin a regular fashion;loop induction
variablesalsohavea stridecharacteristic.

Thenon-stridecategory is intendedto includeall other
sequencesthatdo not belongto theconstantor stridecat-
egory. This classificationcouldbefurtherdivided,but we
choosenot to do so. Non-stridesmay occurwhen a se-
quenceof numbersis beingcomputedandthecomputation
is morecomplex thansimplyaddingaconstant.Traversing
a linkedlist would oftenproduceaddressvaluesthathave
a non-stridepattern.

Also very importantaresequencesformedby compos-
ing strideandnon-stridesequenceswith themselves. Re-
peatingsequenceswould typically occur in nestedloops
wheretheinnerloopproduceseitherastrideoranon-stride
sequence,andtheouterloopcausesthissequenceto bere-
peated.

RepeatedStride(RS) 1 2 3 1 2 3 1 2 3...
RepeatedNon-Stride(RNS) 1 -13-997 1 -13 -997...

Examinationof the above sequencesleadsnaturallyto
two typesof predictionmodelsthatarethesubjectof dis-
cussionthroughouttheremainderof thispaper:
Computational predictorsthatmakeapredictionbycom-
putingsomefunctionof previousvalues.An exampleof a
computationalpredictoris a stridepredictor. This predic-
tor addsa strideto thepreviousvalue.
Context basedpredictors learnthevalue(s)that follow a
particularcontext - afiniteorderedsequenceof values- and
predictoneof the valueswhenthe samecontext repeats.
Thisenablesthepredictionof any repeatedsequence,stride
or non-stride.
1.2 RelatedWork

In [1], it was reportedthat data valuesproducedby
instructionsexhibit “locality” andasa resultcanbe pre-
dicted. Thepotentialfor valuepredictabilitywasreported

in termsof “history depth”,thatis, how many timesavalue
producedby an instructionrepeatswhenchecked against
themostrecentn values.A pronounceddifferenceis ob-
servedbetweenthelocalitywith historydepth1 andhistory
depth16. The mechanismproposedfor prediction,how-
ever, exploitsthelocality of historydepth1 andis basedon
predictingthat themostrecentvaluewill alsobethenext.
In [1], lastvaluepredictionwasusedto predictloadvalues
andin asubsequentwork to predictall valuesproducedby
instructionsandwritten to registers[2].

Address prediction has been used mainly for data
prefetchingto toleratelong memorylatency [3, 4, 5], and
hasbeenproposedfor speculative executionof load and
storeinstructions[6, 7]. Stridepredictionfor valueswas
proposedin [8] andits predictionandperformancepoten-
tial wascomparedagainstlastvalueprediction.

Value predictioncan draw from a wealth of work on
thepredictionof controldependences[9, 10, 11]. Thema-
jority of improvementsin theperformanceof controlflow
predictorshasbeenobtainedby usingcorrelation.Thecor-
relation information that hasbeenproposedincludeslo-
cal and global branchhistory [10], path addresshistory
[11, 12, 13], andpathregistercontents[14]. An interesting
theoreticalobservationis theresemblanceof thepredictors
usedfor control dependencepredictionto the prediction
modelsfor text compression[15]. This is animportantob-
servationbecauseit re-enforcestheapproachusedfor con-
trol flow predictionandalsosuggeststhatcompression-like
methodscanalsobeusedfor datavalueprediction.

A numberof interestingstudiesreport on the impor-
tance of predicting and eliminating data dependences.
Moshovos[16] proposesmechanismsthatreducemisspec-
ulation by predicting when dependencesexist between
storeand load instructions. The potentialof datadepen-
denceeliminationusingpredictionandspeculationin com-
binationwith collapsingwasexaminedin [17]. Elimina-
tion of redundantcomputationis thethemeof a numberof
software/hardwareproposals[18, 19, 20]. Theseschemes
aresimilar in thatthey storein acachetheinputandoutput
parametersof a functionandwhenthesameinputsarede-
tectedtheoutputis usedwithout performingthe function.
Virtually all proposedschemesperformpredictionsbased
on previous architectedstateandvalues. Notableexcep-
tions to this are the schemesproposedin [6], whereit is
predictedthatafetchedloadinstructionhasnodependence
andtheinstructionis executed“early” withoutdependence
checking,andin [21], whereit is predictedthat theoper-
ation requiredto calculatean effective addressusingtwo
operandsis a logicalor insteadof a binaryaddition.

In moretheoreticalwork, Hammerstrom[22] usedin-
formation theory to study the information content (en-
tropy) of programs.His studyof theinformationcontentof



addressandinstructionstreamsrevealeda high degreeof
redundancy. This high degreeof redundancy immediately
suggestspredictability.

1.3 Paper Overview
Thepaperis organizedasfollows: in Section2, differ-

entdatavaluepredictorsaredescribed.Section3 discusses
themethodologyusedfor datapredictionsimulations.The
resultsobtainedarepresentedandanalyzedin Section4.
We concludewith suggestionsfor future researchin Sec-
tion 5.

2 Data ValuePrediction Models
A typical datavaluepredictortakes microarchitecture

stateinformationasinput, accessesa table,andproduces
a prediction.Subsequently, the tableis updatedwith state
informationto helpmake futurepredictions.Thestatein-
formationcould consistof registervalues,PC values,in-
structionfields,controlbits in variouspipelinestages,etc.

The variety andcombinationsof stateinformationare
almostlimitless. Therefore,in this study, we restrictour-
selvesto predictorsthatuseonly theprogramcountervalue
of the instructionbeingpredictedto accessthe prediction
table(s).Thetablesareupdatedusingdatavaluesproduced
by the instruction– possiblymodifiedor combinedwith
other informationalreadyin the table. Theserestrictions
definea relatively fundamentalclassof datavaluepredic-
tors. Nevertheless,predictorsusing other stateinforma-
tion deservestudyandcouldprovidea higherlevel of pre-
dictability thanis reportedhere.

For the remainderof this paper, we further classify
datavaluepredictorsinto two types– computationaland
context-based.We describeeachin detail in thenext two
subsections.

2.1 Computational Predictors
Computationalpredictorsmakepredictionsby perform-

ing someoperationon previousvaluesthat an instruction
hasgenerated.Wefocusontwo importantmembersof this
class.

Last Value Predictors performa trivial computational
operation:theidentity function.In its simplestform, if the
mostrecentvalueproducedby aninstructionis v thenthe
predictionfor thenext valuewill alsobev. However, there
area numberof variantsthatmodify replacementpolicies
basedon hysteresis.An exampleof a hysteresismecha-
nism is a saturatingcounterthat is associatedwith each
table entry. The counteris incremented/decrementedon
predictionsuccess/failure with the valueheld in the table
replacedonlywhenthecountisbelow somethreshold.An-
otherhysteresismechanismdoesnot changeits prediction
to a new valueuntil thenew valueoccursa specificnum-
berof timesin succession.A subtledifferencebetweenthe
two formsof hysteresisis thattheformerchangesto anew

predictionfollowing incorrectbehavior (even thoughthat
behavior maybe inconsistent),whereasthe latterchanges
to a new predictiononly after it hasbeenconsistentlyob-
served.

Stride Predictorsin theirsimplestformpredictthenext
valueby addingthe sumof the most recentvalue to the
differenceof the two most recentvaluesproducedby an
instruction. That is if v ����� and v ����� are the two most
recentvalues,thenthepredictorcomputesv ����� + (v �	�
� -
v ����� ).

As with the last value predictors, there are impor-
tant variations that use hysteresis. In [7] the stride
is only changedif a saturatingcounter that is incre-
mented/decrementedon success/failure of the predictions
is below a certainthreshold.This reducesthe numberof
mispredictionsin repeatedstridesequencesfrom two per
repeatedsequenceto one. Anotherpolicy, the two-delta
method,wasproposedin [6]. In thetwo-deltamethod,two
stridesaremaintained.The onestride(s1) is alwaysup-
datedby the differencebetweenthe two mostrecentval-
ues,whereastheother(s2) is thestrideusedfor computing
thepredictions.Whenstrides1occurstwice in a row then
it is usedto updatethepredictionstrides2. Thetwo-delta
strategy alsoreducesmispredictionsto oneperiterationfor
repeatedstride sequencesand, in addition, only changes
the stridewhenthe samestrideoccurstwice - insteadof
changingthestridefollowing mispredictions.

Other Computational Predictorsusingmorecomplex
organizationscanbe conceived. For example,onecould
usetwo different strides,an “inner” one and an “outer”
one– typically correspondingto loop nests– to eliminate
themispredictionsthatoccurat thebeginningof repeating
stridesequences.This thoughtprocessillustratesa signifi-
cant limitation of computationalprediction: the designer
must anticipatethe computationto be used. One could
carry this to ridiculousextremes.For example,onecould
envisiona Fibonacciseriespredictor, andgivena program
that happensto computea Fibonacciseries,the predictor
woulddoverywell.

Goingdown thispathwouldleadto largehybridpredic-
torsthatcombinemany special-casecomputationalpredic-
torswith a“chooser”- ashasbeenproposedfor conditional
branchesin [23, 24]. While hybridpredictionfor dataval-
uesis in generala good idea,a potentialpitfall is that it
may yield an ever-escalatingcollectionof computational
predictors,eachof which predictsa diminishingnumber
of additionalvaluesnotcaughtby theothers.

In this study, we focuson last valueand stridemeth-
odsasprimaryexamplesof computationalpredictors.We
alsoconsiderhybrid predictorsinvolving thesepredictors
andthecontext basedpredictorsto bediscussedin thenext
section.



2.2 Context BasedPredictors
Context basedpredictorsattemptto “learn” valuesthat

follow a particularcontext – a finite orderedsequenceof
previousvalues– andpredictoneof the valueswhenthe
samecontext repeats.An importanttypeof context based
predictorsis derived from finite context methodsusedin
text compression[25].

Finite Context Method Predictors (fcm) rely on
mechanismsthat predict the next valuebasedon a finite
numberof precedingvalues. An order k fcm predictor
usesk precedingvalues.Fcmsareconstructedwith coun-
ters that count the occurrencesof a particularvalue im-
mediatelyfollowing a certaincontext (pattern). Thusfor
eachcontext theremustbe, in general,asmany counters
as valuesthat are found to follow the context. The pre-
dictedvalueis theonewith themaximumcount.Figure1
shows fcm modelsof differentordersandpredictionsfor
anexamplesequence.

In anactualimplementationwhereit maybeinfeasible
to maintainexact valuecounts,smallercountersmay be
used. The useof small counterscomesfrom the areaof
text compression.With smallcounters,whenonecounter
reachesthemaximumcount,all countersfor thesamecon-
text areresetby half. Smallcountersprovideanadvantage
if heavier weightingshouldbegivento morerecenthistory
insteadof theentirehistory.

In general,n differentfcm predictorsof orders0 to n-
1 canbeusedfor predictingthenext valueof a sequence,
with the highestorderpredictorthat hasa context match
being usedto make the prediction. The combinationof
morethanonepredictionmodelis knownasblending[25].
Therearea numberof variationsof blendingalgorithms,
dependingon theinformationthat is updated.Full blend-
ing updatesall contexts,andlazyexclusionselectsthepre-
dictionwith thelongercontext matchandonly updatesthe
countsfor thepredictionswith thelongermatchor higher.

Other variationsof fcm predictorscan be devised by
reducingthe numberof valuesthat are maintainedfor a
given context. For example,only one value per context
might bemaintainedalongwith someupdatepolicy. Such
policiescanbebasedonhysteresis-typeupdatepoliciesas
discussedabovefor lastvalueandstrideprediction.

Correlationpredictorsusedfor controldependencepre-
diction stronglyresemblecontext basedprediction.As far
asweknow, context basedpredictionhasnotbeenconsid-
eredfor valueprediction,thoughthe last valuepredictor
canbeviewedasa 0th orderfcm with only oneprediction
maintainedpercontext.

2.3 An Initial Analysis
At this point, we briefly analyzeandcomparethepro-

posedpredictorsusingthesimplepatternsequencesshown
in Section1.1.Thisanalysishighlightsimportantissuesas
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well asadvantagesanddisadvantagesof the predictorsto
bestudied.As such,they canprovideabasisfor analyzing
quantitativeresultsgivenin thefollowing sections.

We informally definetwo characteristicsthat are im-
portantfor understandingpredictionbehavior. Oneis the
LearningTime (LT) which is the numberof valuesthat
haveto beobservedbeforethefirst correctprediction.The
secondis theLearningDegree(LD ) which is thepercent-
ageof correctpredictionsfollowing thefirst correctpredic-
tion.

We quantify thesetwo characteristicsfor theclassesof
sequencesgiven earlier in Section1.1. For the repeating
sequences,weassociateaperiod(p), thenumberof values
betweenrepetitions,and frequency, the numberof times
a sequenceis repeated.We assumerepeatingsequences
where p is fixed. The frequency measurecapturesthe
finitenessof a repeatingsequence.For context predictors,
theorder(o) of a predictorinfluencesthelearningtime.

Table 1 summarizeshow the different predictorsper-
form for the basicvaluesequences.Note that the stride
predictoruseshysteresisfor updates,soit getsonly onein-
correctpredictionperiterationthrougha sequence.A row
of thetablewith a “-” indicatesthat thegivenpredictoris
notsuitablefor thegivensequence,i.e., its performanceis
very low for thatsequence.

As illustratedin the table,last valuepredictionis only
usefulfor constantsequences– this is obvious.Stridepre-
diction doesas well as last valuepredictionfor constant
sequencesbecausea constantsequenceis essentiallyzero
stride. The fcm predictorsalsodo very well on constant
sequences,but an order o predictormust seea length o
sequencebeforeit getsmatchesin the table(unlesssome
form of blendingis used).

For (non-repeating)stride sequences,only the stride



PredictionModel
Sequence LastValue Stride FCM

LT LD(%) LT LD(%) LT LD(%)
C 1 100 1 100 o 100
S - - 2 100 - -
NS - - - - - -
RS - - 2 p-1/p p+o 100
RNS - - - - p+o 100

Table1: Behavior of variousPredictionModelsfor Differ-
entValueSequences

predictordoeswell; it hasa very short learningtime and
thenachievesa 100%predictionrate. The fcm predictors
cannotpredictnon-repeatingsequencesbecausethey rely
on repeatingpatterns.

For repeatingstridesequences,bothstrideandfcm pre-
dictorsdo well. Thestridepredictorhasa shorterlearning
time, andonceit learns,it only getsa mispredictioneach
time the sequencebegins to repeat. On the other hand,
thefcm predictorrequiresa longerlearningtime – it must
seetheentiresequencebeforeit startsto predictcorrectly
but oncethe sequencestartsto repeat,it gets100% ac-
curacy (Figure2). This examplepointsout an important
tradeoff betweencomputationalandcontext basedpredic-
tors. Thecomputationalpredictoroftenlearnsfaster– but
thecontext predictortendsto learn“better”whenrepeating
sequencesoccur.

Finally, for repeatingnon-stridesequences,only the
fcm predictordoeswell. And the flexibility this provides
is clearly thestrongpoint of fcm predictors.Returningto
our Fibonacciseriesexample– if thereis a sequencecon-
taininga repeatingportionof theFibonacciseries,thenan
fcm predictorwill naturally begin predictingit correctly
following thefirst passthroughthesequence.

Of course,in reality, valuesequencescanbe complex
combinationsof thesimplesequencesin Section1.1, and
a givenprogramcanproduceaboutasmany differentse-
quencesasinstructionsarebeingpredicted.Consequently,
in theremainderof thepaper, we usesimulationsto geta
morerealisticideaof predictorperformancefor programs.

3 Simulation Methodology
We adoptanimplementation-independentapproachfor

studyingpredictabilityof datadependencevalues.Therea-
sonfor thischoiceis to removemicroarchitectureandother
implementationidiosyncrasiesin aneffort to developaba-
sic understandingof predictability. Hence,theseresults
canbestbeviewedasboundson performance;it will take
additionalengineeringresearchto developrealisticimple-
mentations.
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We studythepredictabilityof instructionsthatwrite re-
sultsinto generalpurposeregisters(i.e. memoryaddresses,
stores,jumpsandbranchesarenotconsidered).Prediction
wasdonewith notablealiasing;eachstaticinstructionwas
givenits own tableentry. Hence,tablesizesareeffectively
unbounded.Finally, predictiontablesareupdatedimme-
diately after a predictionis made,unlike the situationin
practicewhereit maytake many cyclesfor theactualdata
value to be known and available for predictiontableup-
dates.

We simulatethreetypesof predictors: last valuepre-
diction (l) with an always-updatepolicy (no hysteresis),
stridepredictionusing the 2-deltamethod(s2), and a fi-
nite context method(fcm) thatmaintainsexactcountsfor
eachvalue that follows a particularcontext and usesthe
blendingalgorithmwith lazy exclusion,describedin Sec-
tion 2. Fcmpredictorsarestudiedfor orders1, 2 and3. To
form acontext for thefcm predictorweusefull concatena-
tion of historyvaluessothereis noaliasingwhenmatching
contexts.

Tracedrivensimulationwasconductedusingthe Sim-
plescalartoolset[26] for the integerSPEC95benchmarks
shown in Table2� . Thebenchmarkswerecompiledusing
the simplescalarcompilerwith -O3 optimization. Integer
benchmarkswereselectedbecausethey tendto have less
dataparallelismandmaythereforebenefitmorefrom data
predictions.

For collectingpredictionresults,instructiontypeswere
groupedinto categories as shown in Table 3. The ab-
�
For ijpeg thesimulationsusedthereferenceflagswith thefollowing

changes:compression.quality45andcompression.smoothingfactor45.



Benchmark Input Dynamic Instructions
Flags Instr. (mil) Predicted(mil)

compress 30000e 8.2 5.8(71%)
gcc gcc.i 203 137(68%)
go 9 9 132 105(80%)
ijpeg specmun.ppm 129 108(84%)
m88k ctl.raw 493 345(70%)
perl scrabbl.in 40 26 (65%)
xlisp 7 queens 202 125(62%)

Table2: BenchmarksCharacteristics

InstructionTypes Code
Addition, Subtraction AddSub
Loads Loads
And, Or, Xor, Nor Logic
Shifts Shift
CompareandSet Set
Multiply andDivide MultDiv
Loadimmediate Lui
Floating,Jump,Other Other

Table3: InstructionCategories

breviations shown after eachgroup will be usedsubse-
quentlywhenresultsarepresented.Thepercentageof pre-
dictedinstructionsin thedifferentbenchmarksrangedbe-
tween62%–84%.Recallthatsomeinstructionslikestores,
branchesandjumpsarenotpredicted.A breakdown of the
staticcountanddynamicpercentagesof predictedinstruc-
tion typesisshown in Tables4-5.Themajorityof predicted
valuesaretheresultsof additionandloadinstructions.

Wecollectedresultsfor eachinstructiontype.However,
wedonotdiscussresultsfor theother, multdi v andlui in-
structiontypesdueto spacelimitations.In thebenchmarks
we studied,the multdiv instructionsarenot a significant
contributor to dynamicinstructioncount,andthe lui and
“other” instructionsrarelygeneratemorethanoneunique
valueandareover 95% predictableby all predictors.We
note that the effect of thesethreetypesof instructionsis
includedin thecalculationsfor theoverall results.

For averagingweusedarithmeticmean,soeachbench-
markeffectively contributesthesamenumberof total pre-
dictions.

4 Simulation Results
4.1 Predictability

Figure3 showstheoverallpredictabilityfor theselected
benchmarks,andFigures4-7show resultsfor theimportant
instructiontypes.Fromthefigureswe candraw a number

Type com gcc go ijpe m88k perl xlis
AddSu 898 32770 18246 4434 3056 4099 1819
Loads 686 29138 9929 3645 2215 3855 1432
Logic 149 2600 215 278 674 460 157
Shift 146 5073 4500 712 581 467 154
Set 79 3099 1401 402 278 357 75
MultDi 19 313 196 222 77 26 25
Lui 116 3289 5679 343 564 284 146
Other 108 5848 1403 517 482 778 455

Table4: PredictedInstructions- StaticCount

Type com gcc go ijpe m88k perl xlis
AddSu 42.6 38.9 42.1 52.4 42.6 34.1 36.1
Loads 20.5 38.6 26.2 21.4 24.8 43.1 48.6
Logic 3.1 3.1 0.5 1.9 5.0 3.1 3.4
Shift 17.4 7.7 13.3 16.4 3.2 8.2 3.2
Set 7.4 5.4 4.9 4.2 15.2 5.6 3.2
MultDi 0.01 0.4 0.3 3.2 0.1 0.2 0.01
Lui 3.3 3.7 11.4 0.2 6.9 2.4 0.8
Other 5.7 2.1 1.3 0.3 2.1 3.3 4.8

Table5: PredictedInstructions- Dynamic(%)

of conclusions.Overall, last valuepredictionis lessac-
curatethanstrideprediction,andstridepredictionis less
accuratethanfcm prediction.Lastvaluepredictionvaries
in accuracy from about23% to 61% with an averageof
about40%. This is in agreementwith theresultsobtained
in [2]. Stridepredictionprovidesaccuracy of between38%
and80%with anaverageof about56%.Fcmpredictorsof
orders1, 2, and3 all performbetterthanstrideprediction;
andthehighertheorder, thehighertheaccuracy. Theor-
der3 predictoris bestandgivesaccuraciesof between56%
andover 90%with anaverageof 78%. For the threefcm
predictorsstudied,improvementsdiminishastheorderis
increased.In particular, we observe that for every addi-
tional valuein thecontext theperformancegainis halved.
Theeffect on predictabilitywith increasingorderis exam-
ined in more detail in Section4.4. Performanceof the
strideandlast valuepredictorsvariessignificantlyacross
different instructiontypesfor the samebenchmark.The
performanceof thefcm predictorsvarieslesssignificantly
acrossdifferentinstructiontypesfor thesamebenchmark.
Thisreflectstheflexibility of thefcm predictors– they per-
form well for any repeatingsequence,not juststrides.

In generalbothstrideandfcm predictionappearto have
higherpredictabilityfor add/subtractsthanloads.Logical
instructionsalsoappearto be very predictableespecially
by the fcm predictors.Shift instructionsappearto be the
mostdifficult to predict.

Stridepredictiondoesparticularlywell for add/subtract
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instructions.But for non-add/subtractinstructionstheper-
formanceof thestridepredictoris closeto lastvaluepre-
diction. This indicatesthatwhentheoperationof acompu-
tationalpredictormatchestheoperationof the instruction
(e.g.addition),higherpredictabilitycanbeexpected.This
suggestsnew computationalpredictorsthat bettercapture
thefunctionalityof non-add/subtractinstructionscouldbe
useful. For example,for shifts a computationalpredictor
mightshift thelastvalueaccordingto thelastshift distance
to arriveat a prediction.This approachwould tendto lead
to hybrid predictors,however, with a separatecomponent
predictorfor eachinstructiontype.
4.2 Correlation of Correctly PredictedSets

In effect, the resultsin the previoussectionessentially
comparethesizesof thesetsof correctlypredictedvalues.
It is also interestingto considerrelationshipsamongthe
specificsetsof correctlypredictedvalues.Primarily, these
relationshipssuggestwaysthathybridpredictorsmight be
constructed– althoughthe actualconstructionof hybrid
predictorsis beyondthescopeof thispaper.

The predictedset relationshipsareshown in Figure8.
Threepredictorsareused:lastvalue,stride(delta-2),and
fcm (order 3). All subsetsof predictorsare represented.
Specifically:l is thefractionof predictionsfor which only
the lastvaluepredictoris correct;s andf aresimilarly de-
finedfor thestrideandfcm predictorsrespectively; ls is the
fractionof predictionsfor whichboththelastvalueandthe
stridepredictorsarecorrectbut thefcm predictoris not; lf
andsfaresimilarlydefined;lsf is thefractionof predictions
for which all predictorsarecorrect;andnp is thefraction
for whichnoneof thepredictorsis correct.

In the figure resultsareaveragedover all benchmarks,
but the qualitative conclusionsaresimilar for eachof the
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Figure4: PredictionSuccessfor Add/SubtractInstructions
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Figure5: PredictionSuccessfor LoadsInstructions
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Figure6: PredictionSuccessfor Logic Instructions
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Figure7: PredictionSuccessfor Shift Instructions
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Figure8: Contributionof differentPredictors

individual benchmarks.Overall, Figure 8 can be briefly
summarized:

� A smallnumber, closeto 18%,of valuesarenot pre-
dictedcorrectlyby any model.

� A largeportion,around40%,of correctpredictionsis
capturedby all predictors.

� A significantfraction, over 20%, of correctpredic-
tionsis only capturedby fcm.

� Strideandlast valuepredictioncapturelessthan5%
of thecorrectpredictionsthatfcm misses.

The above confirms that data values are very pre-
dictable. And it appearsthat context basedpredictionis
necessaryfor achieving the highestlevels of predictabil-
ity. However, almost60% of the correctpredictionsare
alsocapturedby the stridepredictor. Assumingthat con-
text basedpredictionis themoreexpensive approach,this
suggestthatahybrid schememightbeusefulfor enabling
high prediction accuraciesat lower cost. That is, one
shouldtry to usea stride predictorfor most predictions,
andusefcm predictionto gettheremaining20%.

Another conclusionis that last value predictionadds
very little to what the otherpredictorsachieve. So, if ei-
ther strideor fcm predictionis implemented,thereis no
point in addinglastvaluepredictionto ahybridpredictor.

Theimportantclassesof loadandaddinstructionsyield
resultssimilar to theoverallaverage.Finally, we notethat
for non-add/subtractinstructionsthecontribution of stride
predictionis smaller, this is likely due to the earlierob-
servation that stride predictiondoesnot matchthe func-
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Figure9: Cumulative Improvementof FCM overStride

tionality of otherinstructiontypes.This suggestsa hybrid
predictorbasedon instructiontypes.

Proceedingalong the pathof a hybrid fcm-stridepre-
dictor, onereasonableapproachwouldbeto chooseamong
thetwo componentpredictorsvia thePCaddressof thein-
structionbeingpredicted.This would appearto work well
if theperformanceadvantageof thefcm predictoris dueto
a relatively smallnumberof staticinstructions.

To determineif this is true, we first constructeda list
of staticinstructionsfor which thefcm predictorgivesbet-
ter performance.For eachof thesestaticinstructions,we
determinedthe differencein predictionaccuracy between
fcm andstride. We then sortedthe static instructionsin
descendingorderof improvement. Then, in Figure9 we
graphthecumulativefractionof thetotal improvementver-
sustheaccumulatedpercentageof staticinstructions.The
graphshows that overall, about20%of the staticinstruc-
tions accountfor about97% of the total improvementof
fcm overstrideprediction.For mostof individual instruc-
tion types,theresultis similar, with shiftsshowing slightly
worseperformance.

The resultsdo suggestthat improvementsdueto con-
text basedpredictionaremainly dueto a relatively small
fractionof staticinstructions.Hence,a hybrid fcm-stride
predictorwith choosingseemsto bea goodapproach.
4.3 ValueCharacteristics

At this point, it is clear that context basedpredictors
performwell, but may requirelarge tablesthat storehis-
tory values. We assumeunboundedtablesin our study,
but whenreal implementationsareconsidered,of course
this will not bepossible.To geta handleon this issue,we
studythe valuecharacteristicsof instructions.In particu-
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lar we reporton the numberof unique valuesgenerated
by predictedinstructions. The overall numbersof differ-
entvaluescouldgivea roughindicationof thenumbersof
valuesthatmighthaveto bestoredin a table.

In the left half of Figure10, we show the numberdif-
ferentvaluesproducedby percentagesof staticinstructions
(ans prefix). In theright half, we determinethe fractions
of dynamicinstructions(ad prefix)thatcorrespondto each
of thestaticcategories.Fromthefigure,weobserve:

� A largenumber, 
 50%,of staticinstructionsgenerate
only onevalue.

� The majority of static instructions, 
 90%, generate
fewer than64values.

� The majority, 
 50%, of dynamicinstructionscorre-
spondto static instructionsthat generatefewer than
64values.

� Over90%of thedynamicinstructionsareduetostatic
instructionsthatgenerateatmost4096uniquevalues.

� Thenumberof valuesgeneratedvariesamonginstruc-
tion types. In generaladd/subtractandload instruc-
tions generatemore valuesas comparedwith logic
andshift operations.

� Themorefrequentlyaninstructionexecutesthemore
valuesit generates.

Theabovesuggestthatarelatively smallnumberof val-
ueswould berequiredto predictcorrectlythemajority of

dynamic instructionsusing context basedprediction– a
positiveresult.

From looking at individual benchmarkresults (not
shown) thereappearsto bea positive correlationbetween
programsthat are more difficult to predict and the pro-
gramsthatproducemorevalues.For example,thehighly
predictablem88ksimhasmany moreinstructionsthatpro-
ducefew valuesascomparedwith thelesspredictablegcc
andgo. This would appearto be an intuitive result, but
theremaybecaseswhereit doesnot hold; for exampleif
valuesaregeneratedin a fashionthat is predictablewith
computationalpredictorsor if a small numberof values
occurin many differentsequences.
4.4 Sensitivity Experiments for Context Based

Prediction
In thissectionwediscusstheresultsof experimentsthat

illustratethesensitivity of fcm predictorsto inputdataand
predictororder. For theseexperiments,wefocusonthegcc
benchmarkandreportaveragecorrectpredictionsamong
all instructiontypes.
Sensitivity to input data: Westudiedtheeffectsof differ-
entinputfilesandflagsoncorrectprediction.Thefcm pre-
dictor usedin theseexperimentswasorder2. Thepredic-
tion accuracy andthenumberof predictedinstructionsfor
thedifferentinputfiles is shown in Table6. Thefractionof
correctpredictionsshows only small variationsacrossthe
differentinput files. We notethat theseresultsarefor un-
boundedtables,soaliasingaffectscausedby differentdata
setsizeswill not appear. This may not be the casewith
fixedtablesizes.
In Table7 we show thepredictabilityfor gccfor thesame
inputfile, but with differentcompilationflags,againusing
an order2 fcm predictor. The resultsagainindicatethat
variationsareverysmall.
Sensitivity to the order: experimentswereperformedfor
increasingorder for the sameinput file (gcc.i) andflags.
The resultsfor the different ordersare shown in Figure
11. Theexperimentsuggeststhathigherordermeansbet-
terperformancebut returnsarediminishingwith increasing
order. Theabovealsoindicatethatfew previousvaluesare
requiredto predictwell.

5 Conclusions
We consideredrepresentativesfrom two classesof pre-

diction models: (i) computationaland(ii) context based.
Simulationsdemonstratethatvaluesarepotentiallyhighly
predictable.Our resultsindicatethatcontext basedpredic-
tion outperformspreviously proposedcomputationalpre-
diction (strideand last value)and that if high prediction
correctnessis desiredcontext methodsprobablyneedto be
usedeitheraloneor in a hybrid scheme.Theobtainedre-
sultsalso indicatethat the performanceof computational
predictionvariesbetweeninstructiontypesindicatingthat



File Predictions(mil) Correct(%)
jump.i 106 76.5
emit-rtl.i 114 76.0
gcc.i 137 77.1
recog.i 192 78.6
stmt.i 372 77.8

Table6: Sensitivity of 126.gccto DifferentInputFiles

Flags Predictions(mil) Correct(%)
none 31 78.6
-O1 76 75.3
-O2 121 76.9
ref flags 137 77.1

Table7: Sensitivity of 126.gccto Input Flagswith input
file gcc.i
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Figure11: Sensitivity of 126.gccto the Orderwith input
file gcc.i

its performancecanbe further improved if the prediction
functionmatchesthefunctionalityof thepredictedinstruc-
tion. Analysisof the improvementsof context prediction
over computationalpredictionsuggestthat about20% of
the instructionsthat generaterelatively few valuesarere-
sponsiblefor the majority of the improvement. With re-
spectto the value characteristicsof instructions,we ob-
servethatthemajorityof instructionsdonotgeneratemany
uniquevalues.Thenumberof valuesgeneratedby instruc-
tionsvariesamonginstructionstypes.This resultsuggests
that different instruction types needto be studiedsepa-
ratelydueto thedistinctpredictabilityandvaluebehavior.

We believe that valuepredictionhassignificantpoten-
tial for performanceimprovement.However, a lot of inno-
vativeresearchis neededfor valuepredictionto becomean
effectiveperformanceapproach.
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