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Abstract

The predictability of data valuesis studiedat a fun-
damentallevel. Two basic predictor modelsare defined:
Computational predictors performan opeation on pre-
viousvaluesto yield predictednext values. Examplesve
studyare stride value prediction (which addsa deltato a
previousvalue)and last value prediction(which performs
thetrivial identityoperation onthe previousvalue);
Context Basedpredictois matct recentvaluehistory(con-
text) with previousvaluehistory and predict valuesbased
entirely on previouslyobservedgatterns.

To undestandthe potentialof valuepredictionwe per-
formsimulationswith unboundegbredictiontablesthatare
immediatelyupdatedusing correct data values. Simula-
tionsof integer SPEC9%endmarksshowthatdatavalues
can be highly predictable Bestperformances obtained
with context basedpredictors; overall predictionaccura-
ciesare betweerb6% and 91%. The contet basedpre-
dictor typically hasanaccumacyabout20%betterthanthe
computationapredictors (lastvalueandstride). Compari-
sonof context basedpredictionandstridepredictionshows
thatthehigheraccuracyof contet basedpredictionis due
to relatively few static instructionsgiving large improve-
ments; this sugyeststhe usefulnesof hybrid predictors.
Amongdifferentinstructiontypes predictabilityvariessig-
nificantly. In geneal, load and shiftinstructionsare more
difficult to predict correctly whereasadd instructionsare
mote predictable

1 Intr oduction

Thereis acleartrendin highperformancgrocessorto-
wardperformingoperationspeculatiely, basedn predic-
tions. If predictionsarecorrect,the speculatiely executed
instructionsusuallytranslatento improvedperformance.

Althoughprogramexecutioncontainsa varietyof infor-
mationthatcanbe predictedconditionalbranchehavere-
ceivedthe mostattention.Predictingconditionalbranches
provides a way of avoiding control dependenceand of-
fersa clearperformanceadvantage.Even more prevalent

thancontroldependencesowever, aredatadependences.
Virtually every instructiondependon the resultof some
precedingnstruction. As such,datadependencesre of-
tenthoughtto presenta fundamentaperformancebarrier
However, datavaluesmay also be predicted,and opera-
tions canbe performedspeculatiely basedon thesedata
predictions.

An important difference betweenconditional branch
predictionanddatavalue predictionis that dataaretaken
from a muchlargerrangeof values.This would appeato
severelylimit the chancef successfuprediction. How-
ever, it hasbeendemonstratedecently[1] thatdatavalues
exhibit “locality” wherevaluescomputediy someinstruc-
tionstendto repeafa largefractionof thetime.

We arguethatestablishingpredictabilitylimits for pro-
gramvaluesis importantfor determiningthe performance
potentialof processorshat usevalue prediction. We be-
lieve that doing so first requiresunderstandinghe design
spaceof valuepredictorsmodels.Consequentlythe goals
of this paperaretwofold. Firstly, we discusssomeof the
major issuesaffecting datavalue predictionandlay down
aframework for studyingdatavalueprediction.Secondly
for importantclasse®f predictorswe usebenchmarlpro-
gramsto establisHevelsof valuepredictability This study
is somavhatidealized:for example,predictorcostsareig-
noredin orderto more clearly understandimits of data
predictability Furthermorethe waysin which datapre-
dictioncanbeusedn aprocessomicroarchitecturarenot
within the scopeof this paper sothatwe canconcentrate
in greaterdepthon the predictionprocessitself.

1.1 Classificationof Value Sequences

The predictabilityof a sequencef valuesis a function
of boththesequencéself andthe predictorusedto predict
thesequenceAlthoughit is beyondthescopeof this paper
to studythe actualsourceof predictability it is usefulfor
ourdiscussiorto provide aninformal classificatiorof data
sequencesThis classificationis usefulfor understanding
thebehaior of predictorsn laterdiscussionsThefollow-



ing classificatiorcontainssimplevaluesequencethatcan
alsobe composedo form morecomplex sequencesThey
arebestdefinedby giving examples:

Constant(C) 5555555...
Stride(S) 12345678...
Non-Stride(NS) 28-13-9910723456...

Constantsequencesire the simplest,and result from
instructionsthat repeatedlyproducethe sameresult. Li-
pastiandShenshaw thatthis occurssurprisinglyoften,and
formsthe basisfor their work reportedn [1]. A stridese-
guencehaselementghatdiffer by someconstantielta. For
theexampleabove, thestrideis one,whichis probablythe
mostcommoncasein programsput otherstridesarepos-
sible, including negative strides. Constantsequencesan
be consideredstridesequencewith a zerodelta. A stride
sequencenightappeamwhenadatastructuresuchasanar
ray is beingaccessedh a regularfashion;loop induction
variablesalsohave a stridecharacteristic.

The non-stridecategory is intendedto includeall other
sequencethatdo not belongto the constanibr stridecat-
egory. This classificatiorcould be furtherdivided, but we
choosenot to do so. Non-stridesmay occurwhen a se-
guenceof numberds beingcomputedcandthecomputation
is morecomple« thansimply addingaconstantTraversing
alinkedlist would often produceaddress/aluesthathave
anon-stridepattern.

Also very importantaresequenceformedby compos-
ing strideand non-stridesequencewith themseles. Re-
peatingsequencesvould typically occurin nestedloops
wheretheinnerloop produce®itherastrideor anon-stride
sequenceandtheouterloop causeshis sequencéeo bere-
peated.

Repeatedbtride(RS) 123123123..
RepeatedNon-Stride(RNS) 1-13-9971-13-997...

Examinationof the above sequencekeadsnaturallyto
two typesof predictionmodelsthatarethe subjectof dis-
cussiorthroughouthe remaindeof this paper:
Computational predictorsthatmake apredictionby com-
putingsomefunctionof previousvalues.An exampleof a
computationapredictoris a stridepredictor This predic-
tor addsa strideto the previousvalue.

Context basedpredictors learnthe value(s)thatfollow a
particularcontext - afinite orderedsequencef values- and

predictone of the valueswhenthe samecontet repeats.

Thisenableshepredictionof ary repeatedequencestride
or non-stride.
1.2 RelatedWork

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

in termsof “history depth”,thatis, how mary timesavalue
producedby aninstructionrepeatsvhen checled against
the mostrecentn values. A pronouncedlifferenceis ob-
senedbetweerthelocality with historydepthl andhistory
depth16. The mechanisnproposedor prediction,how-
ever, exploitsthelocality of historydepthl andis basedn
predictingthatthe mostrecentvaluewill alsobethe next.
In [1], lastvaluepredictionwasusedto predictloadvalues
andin asubsequentork to predictall valuesproducedy
instructionsandwritten to registers[2].

Address prediction has been used mainly for data
prefetchingto toleratelong memorylateny [3, 4, 5], and
hasbeenproposedor speculatie executionof load and
storeinstructiong[6, 7]. Stride predictionfor valueswas
proposedn [8] andits predictionandperformancepoten-
tial wascomparedagainsiastvalueprediction.

Value predictioncan draw from a wealth of work on
thepredictionof controldependencd®, 10, 11]. Thema-
jority of improvementsn the performancef controlflow
predictorshasbeenobtainedy usingcorrelation.Thecor-
relation information that has beenproposedincludeslo-
cal and global branchhistory [10], path addresshistory
[11, 12, 13], andpathregistercontent§14]. An interesting
theoreticabbsenationis theresemblancef thepredictors
usedfor control dependenceredictionto the prediction
modelsfor text compressioffil5]. Thisis animportantob-
senationbecausé re-enforcesheapproactusedfor con-
trol flow predictionandalsosuggestthatcompression-lik
methodsanalsobeusedfor datavalueprediction.

A numberof interestingstudiesreport on the impor-
tance of predicting and eliminating data dependences.
Moshovos[16] proposesnechanismghatreducemisspec-
ulation by predicting when dependencesxist between
storeand load instructions. The potentialof datadepen-
denceeliminationusingpredictionandspeculatiorin com-
binationwith collapsingwas examinedin [17]. Elimina-
tion of redundantomputatioris thethemeof a numberof
software/hardvareproposalq18, 19, 20]. Theseschemes
aresimilarin thatthey storein acacheheinputandoutput
parametersf afunctionandwhenthe sameinputsarede-
tectedthe outputis usedwithout performingthe function.
Virtually all proposedschemegperformpredictionsbased
on previous architectedstateand values. Notableexcep-
tions to this arethe schemegproposedn [6], whereit is
predictedhatafetchedoadinstructionhasnodependence
andtheinstructionis executed‘early” withoutdependence
checking,andin [21], whereit is predictedthatthe oper
ation requiredto calculatean effective addresausingtwo
operandss alogical or insteadof a binaryaddition.

In moretheoreticalwork, Hammerstron{22] usedin-
formation theory to study the information content (en-
tropy) of programsHis studyof theinformationcontentof



addressandinstructionstreamsevealeda high degreeof
redundang. This high degreeof redundang immediately
suggestpredictability

1.3 Paper Overview

The paperis organizedasfollows: in Section2, differ-
entdatavaluepredictorsaredescribedSection3 discusses
themethodologyusedfor datapredictionsimulations.The
resultsobtainedare presentedand analyzedin Section4.
We concludewith suggestiongor future researchin Sec-
tion 5.

2 Data Value Prediction Models

A typical datavalue predictortakes microarchitecture
stateinformationasinput, accessea table,and produces
a prediction. Subsequentlythe tableis updatedwith state
informationto help make future predictions.The statein-
formationcould consistof registervalues,PC values,in-
structionfields, controlbitsin variouspipelinestagesetc.

The variety and combinationsof stateinformationare
almostlimitless. Therefore,in this study we restrictour
selesto predictorghatuseonly theprogramcountewvalue
of theinstructionbeingpredictedto accesghe prediction
table(s).Thetablesareupdatedusingdatavaluesproduced
by the instruction— possiblymodified or combinedwith
otherinformationalreadyin the table. Theserestrictions
definearelatively fundamentatlassof datavaluepredic-
tors. Neverthelesspredictorsusing other stateinforma-
tion desere studyandcould provide a higherlevel of pre-
dictability thanis reportechere.

For the remainderof this paper we further classify
datavalue predictorsinto two types— computationabnd
contet-based.We describeeachin detail in the next two
subsections.

2.1 Computational Predictors

Computationapredictoramake predictionsby perform-
ing someoperationon previous valuesthat aninstruction
hasgeneratedWe focusontwo importantmemberf this
class.

Last Value Predictors performa trivial computational
operationitheidentity function. In its simplestform, if the
mostrecentvalueproducedby aninstructionis v thenthe
predictionfor thenext valuewill alsobev. However, there
area numberof variantsthatmodify replacemenpolicies
basedon hysteresis.An exampleof a hysteresisnecha-
nism is a saturatingcounterthat is associatedvith each
tableentry The counteris incremented/decrementexh
predictionsuccess#ilure with the value heldin the table
replacednly whenthecountis belov somethreshold An-
otherhysteresisnechanisndoesnot changsts prediction
to anew valueuntil the new value occursa specificnum-
berof timesin successionA subtledifferencebetweerthe
two formsof hysteresiss thattheformerchangeso anew

predictionfollowing incorrectbehaior (eventhoughthat
behaior may beinconsistent)whereashe latter changes
to anew predictiononly afterit hasbeenconsistentlyob-
sened.

Stride Predictorsin theirsimplesfform predictthenext
value by addingthe sum of the mostrecentvalueto the
differenceof the two mostrecentvaluesproducedby an
instruction. Thatis if v,,_; andv,_, arethe two most
recentvaluesthenthe predictorcomputess,, 1 + (V1 -
Vn72)-

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/decrementeath successHilure of the predictions
is below a certainthreshold. This reduceghe numberof
mispredictionsn repeatedstride sequencefrom two per
repeatedsequencéao one. Anotherpolicy, the two-delta
methodwasproposedn [6]. In thetwo-deltamethod two
stridesare maintained. The onestride (s]) is always up-
datedby the differencebetweenthe two mostrecentval-
ues,whereagheother(s?) is thestrideusedfor computing
thepredictions.Whenstrides1occurstwice in arow then
it is usedto updatethe predictionstrides2. Thetwo-delta
stratgy alsoreducesnispredictiongo oneperiterationfor
repeatedstride sequencesnd, in addition, only changes
the stride whenthe samestride occurstwice - insteadof
changinghestridefollowing mispredictions.

Other Computational Predictorsusingmorecomple
organizationscan be conceved. For example,one could
usetwo differentstrides,an “inner” one and an “outer”
one- typically correspondingo loop nests- to eliminate
themispredictionghatoccurat thebeginningof repeating
stridesequencesT his thoughtprocessllustratesa signifi-
cantlimitation of computationaprediction: the designer
must anticipatethe computationto be used. One could
carrythis to ridiculousextremes.For example,onecould
ervisiona Fibonacciseriespredictor andgivena program
thathappendo computea Fibonacciseries,the predictor
woulddoverywell.

Goingdown this pathwould leadto largehybrid predic-
torsthatcombinemary special-caseomputationapredic-
torswith a“chooser”- ashasheerproposedor conditional
branchesn [23, 24]. While hybrid predictionfor dataval-
uesis in generala goodidea, a potentialpitfall is that it
may yield an ever-escalatingcollection of computational
predictors,eachof which predictsa diminishing number
of additionalvaluesnot caughtby theothers.

In this study we focuson last value and stride meth-
odsasprimary examplesof computationapredictors.We
alsoconsiderhybrid predictorsinvolving thesepredictors
andthecontet basedredictorgo bediscussedh thenext
section.



2.2 Context BasedPredictors

Contet basedpredictorsattemptto “learn” valuesthat
follow a particularcontext — a finite orderedsequencef
previous values— and predictone of the valueswhenthe
samecontet repeats. An importanttype of context based
predictorsis derived from finite context methodsusedin
text compressiofi25].

Finite Context Method Predictors (fcm) rely on
mechanismshat predictthe next value basedon a finite
numberof precedingvalues. An order k fcm predictor
usesk precedingvalues.Fcmsareconstructedvith coun-
tersthat countthe occurrence®f a particularvalue im-
mediatelyfollowing a certaincontet (pattern). Thusfor
eachcontet theremustbe, in general,asmary counters
asvaluesthat are found to follow the context. The pre-
dictedvalueis the onewith the maximumcount. Figurel
shavs fcm modelsof differentordersand predictionsfor
anexamplesequence.

In anactualimplementatiorwhereit maybeinfeasible
to maintainexact value counts,smallercountersmay be
used. The useof small counterscomesfrom the areaof
text compressionWith small counterswhenonecounter
reacheshe maximumcount,all counterdor thesamecon-
text areresetby half. Smallcountersprovide anadvantage
if heavier weightingshouldbegivento morerecenthistory
insteadof the entirehistory.

In generaln differentfcm predictorsof orders0 to n-
1 canbe usedfor predictingthe next valueof a sequence,
with the highestorder predictorthat hasa context match
being usedto malke the prediction. The combinationof
morethanonepredictionmodelis known asblending[25].
Therearea numberof variationsof blendingalgorithms,
dependingon the informationthatis updated.Full blend-
ing updatesll contexts, andlazyexclusionselectghe pre-
diction with thelongercontext matchandonly updateghe
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 be maintainedalongwith someupdatepolicy. Such
policiescanbe basedn hysteresis-typepdatepoliciesas
discusse@bove for lastvalueandstrideprediction.

Correlationpredictorsusedfor controldependencpre-
diction stronglyresemblecontext basedprediction.As far
aswe know, contect basedpredictionhasnotbeenconsid-
eredfor value prediction,thoughthe last value predictor
canbeviewedasa Oth orderfcm with only oneprediction
maintainedpercontext.

2.3 An Initial Analysis

At this point, we briefly analyzeand comparethe pro-
posedoredictorausingthe simplepatternsequenceshavn
in Sectionl.1. Thisanalysishighlightsimportantissuesas

Sequence:aaabcaaabcaaa?

Oth order Model  1st order Model  2nd order Model 3rd order Model
a b c a b c a b c a b c
ﬂ ale6]2]o aa [3]2]o0 aaaf[0]2]o0
L b[o]o]2 ab [0f0]2 aab[0|0]2
Prediction: a
c|l2]0]o0 ac |0JO}|oO abc|2]0]|O0
L ba [0]O]O bca|2]0]0
Prediction: a
Next Symbol bb [0]O]O caal|2]0]o
Frequency bc [2]0]0 -
- Prediction: b
= ca[2]0]0
s cb [0]O[O
o
cc |0JO}oO
Prediction: a

Figurel: Finite Context Models

well asadvantagesanddisadwantagef the predictorsto
bestudied.As such,they canprovide a basisfor analyzing
guantitatve resultsgivenin thefollowing sections.

We informally definetwo characteristicghat are im-
portantfor understandingredictionbehaior. Oneis the
Learning Time (LT) which is the numberof valuesthat
have to be obsenedbeforethefirst correctprediction. The
seconds the LearningDegree(LD) which is the percent-
ageof correctpredictiondollowing thefirst correctpredic-
tion.

We quantify thesetwo characteristicfor the classe®f
sequencegiven earlierin Sectionl.1. For the repeating
sequencesye associata period(p), thenumberof values
betweenrepetitions,and frequeng, the numberof times
a sequencés repeated. We assumeepeatingsequences
where p is fixed. The frequeny measurecapturesthe
finitenessof a repeatingsequencelFor context predictors,
theorder(o) of a predictorinfluenceghelearningtime.

Table 1 summarizeshow the different predictorsper
form for the basicvalue sequencesNote that the stride
predictoruseshysteresigor updatessoit getsonly onein-
correctpredictionperiterationthrougha sequenceA row
of thetablewith a“-" indicatesthatthe given predictoris
not suitablefor the givensequencsd,e., its performances
very low for thatsequence.

As illustratedin the table,last valuepredictionis only
usefulfor constansequences this is obvious. Stridepre-
diction doesaswell aslast value predictionfor constant
sequencebecausea constansequencés essentiallyzero
stride. The fcm predictorsalsodo very well on constant
sequenceshut an order o predictormust seea length o
sequencéeforeit getsmatchedn the table (unlesssome
form of blendingis used).

For (non-repeating)stride sequencespnly the stride



PredictionModel
Sequencel 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

Tablel: Behavior of variousPredictionModelsfor Differ-
entValueSequences

predictordoeswell; it hasa very shortlearningtime and
thenachievesa 100%predictionrate. The fcm predictors
cannotpredictnon-repeatingequencebecausdhey rely
onrepeatingatterns.

For repeatingstridesequencedothstrideandfcm pre-
dictorsdowell. Thestridepredictorhasa shorterlearning
time, andonceit learns,it only getsa mispredictioneach
time the sequencébggins to repeat. On the other hand,
thefcm predictorrequiresalongerlearningtime — it must
seethe entiresequencdeforeit startsto predictcorrectly
but oncethe sequencestartsto repeat,it gets100% ac-
curagy (Figure2). This examplepointsout animportant
tradeof betweencomputationabndcontext basedpredic-
tors. The computationapredictoroftenlearnsfaster— but
thecontet predictortendsto learn“better” whenrepeating
sequencesccut

Finally, for repeatingnon-stridesequencespnly the
fcm predictordoeswell. And the flexibility this provides
is clearlythe strongpoint of fcm predictors.Returningto
our Fibonacciseriesexample— if thereis a sequenceon-
tainingarepeatingportionof the Fibonacciseriesthenan
fcm predictorwill naturally begin predictingit correctly
following thefirst passhroughthe sequence.

Of course,in reality, value sequencesanbe comple
combinationsof the simplesequence Sectionl.1, and
a given programcan produceaboutas mary differentse-
guencessinstructionsarebeingpredicted Consequently
in the remainderof the paper we usesimulationsto geta
morerealisticideaof predictorperformancdor programs.

3 Simulation Methodology

We adoptanimplementation-independeapproactor
studyingpredictabilityof datadependencealues.Therea-
sonfor thischoiceis to removemicroarchitecturandother
implementationdiosyncrasiein aneffort to developaba-
sic understandingf predictability Hence,theseresults
canbestbeviewedasboundson performanceit will take
additionalengineeringesearcho developrealisticimple-
mentations.

~. VALUE |
~SEQUENCE|

N

Repeated Stride (period = 4)

|
S~ 1 0123412341234
PREDICTOR |

i-34§/234’§/234

| Learn Steady State
| Time =2 Repeats Same Mistake

| LD = 75%

STRIDE
Prediction

|
CONTEXT BASED | _ 3412314

Prediction (order = 2) |
( ) Learn Time = Steady State
| period + order =6 No Misspredictions

| LD = 100%

Figure2: Computational's Context BasedPrediction

We studythe predictabilityof instructiongthatwrite re-
sultsinto generapurposeaegisters(i.e. memoryaddresses,
storesjumpsandbranchesrenot considered)Prediction
wasdonewith notablealiasing;eachstaticinstructionwas
givenits own tableentry Hence tablesizesareeffectively
unbounded.Finally, predictiontablesare updatedmme-
diately after a predictionis made,unlike the situationin
practicewhereit maytake mary cyclesfor the actualdata
valueto be known and availablefor predictiontable up-
dates.

We simulatethreetypesof predictors: last value pre-
diction (1) with an always-updatepolicy (no hysteresis),
stride predictionusing the 2-deltamethod(s2), and a fi-
nite context method(fcm) that maintainsexact countsfor
eachvalue that follows a particularcontext and usesthe
blendingalgorithmwith lazy exclusion,describedn Sec-
tion 2. Fcmpredictorsarestudiedfor ordersl, 2 and3. To
form a context for thefcm predictorwe usefull concatena-
tion of historyvaluessothereis noaliasingwhenmatching
contets.

Tracedriven simulationwas conductedusingthe Sim-
plescalatoolset[26] for the integer SPEC95benchmarks
shavn in Table2!. The benchmarksverecompiledusing
the simplescalacompilerwith -O3 optimization. Integer
benchmarksvere selectechecausehey tendto have less
dataparallelismandmaythereforebenefitmorefrom data
predictions.

For collectingpredictionresults,instructiontypeswere
groupedinto cateyories as shavn in Table 3. The ab-

L For ijpeg the simulationsusedthe referencelagswith the following
changescompression.qualit¢5 andcompression.smoothinfgctor45.



Table2: Benchmark<haracteristics

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 shavn after eachgroup will be usedsubse-
guentlywhenresultsarepresentedThepercentagef pre-
dictedinstructionsin the differentbenchmarksangedbe-
tween62%—-84% Recallthatsomeinstructiondik e stores,
branchesandjumpsarenot predicted A breakdavn of the
staticcountanddynamicpercentagesf predictednstruc-
tiontypesis shavnin Tables4-5. Themajority of predicted
valuesaretheresultsof additionandloadinstructions.

We collectedresultsfor eachinstructiontype. However,
we do notdiscusgesultsfor theother, multdi v andlui in-
structiontypesdueto spacdimitations. In thebenchmarks
we studied,the multdiv instructionsare not a significant
contributor to dynamicinstructioncount, andthe lui and
“other” instructionsrarely generatamorethanoneunique
valueandare over 95% predictableby all predictors.We
notethat the effect of thesethreetypesof instructionsis
includedin thecalculationdor the overall results.

For averagingwe usedarithmeticmean,soeachbench-
mark effectively contributesthe samenumberof total pre-
dictions.

4  Simulation Results
4.1 Predictability
Figure3 shavstheoverall predictabilityfor theselected

benchmarksandFigures4-7 shav resultsfor theimportant
instructiontypes. Fromthefigureswe candrawv a number

Benchmark| Input Dynamic Instructions Type com | gcc go ijpe | m88k | perl | xlis
Flags Instr. (mil) | Predictedmil) AddSu | 898 | 32770 | 18246 | 4434 | 3056 | 4099 | 1819
compress 30000e 8.2 5.8(71%) Loads 686 | 29138 | 9929 | 3645 | 2215 | 3855 | 1432
: o Logic 149 | 2600 215 278 | 674 | 460 | 157
gee gcgc.l igg 13;(28;) ) Shift 146 | 5073 | 4500 | 712 | 581 | 467 | 154
90 (80%) Set 79 | 3009 | 1401 | 402 | 278 | 357 | 75
ijpeg specmun.ppm 129 108(84%) MultDi | 19 | 313 | 196 | 222 | 77 | 26 | 25
m88k ctl.raw 493 345(70%) Lui 116 | 3289 | 5679 | 343 | 564 | 284 | 146
perl scrabbl.in 40 26 (65%) Other 108 | 5848 | 1403 | 517 | 482 | 778 | 455
xlisp 7 queens 202 125(62%)

Table4: Predictednstructions StaticCount

Type com | gcc go ijpe | m88k | perl | xlis
AddSu | 426 | 389 | 42.1 | 524 | 426 | 341 | 36.1
Loads | 205 | 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 174 | 7.7 13.3 | 164 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 | 114 | 0.2 6.9 2.4 0.8

Other 5.7 2.1 1.3 0.3 2.1 3.3 4.8

Table5: Predictednstructions Dynamic(%)

of conclusions. Overall, last value predictionis lessac-
curatethan stride prediction,and stride predictionis less
accuratghanfcm prediction. Lastvaluepredictionvaries
in accurag from about23% to 61% with an averageof
about40%. Thisis in agreementvith theresultsobtained
in [2]. Stridepredictionprovidesaccurayg of betweer88%
and80%with anaverageof about56%. Fcmpredictorsof
ordersl, 2, and3 all performbetterthanstrideprediction;
andthe higherthe order, the higherthe accurag. Theor-
der3 predictoris bestandgivesaccuraciesf betweerb6%
andover 90% with an averageof 78%. For the threefcm
predictorsstudied,improvementdiminish asthe orderis
increased.In particular we obsene that for every addi-
tional valuein the contet the performancegainis halved.
Theeffect on predictabilitywith increasingorderis exam-
ined in more detail in Section4.4. Performanceof the
stride and last value predictorsvariessignificantly across
differentinstructiontypesfor the samebenchmark. The
performancef the fcm predictorsvarieslesssignificantly
acrosdifferentinstructiontypesfor the samebenchmark.
Thisreflectstheflexibility of thefcm predictors-they per
form well for arny repeatingsequenceajotjuststrides.

In generabothstrideandfcm predictionappeato have
higherpredictabilityfor add/subtractthanloads. Logical
instructionsalso appearto be very predictableespecially
by the fcm predictors. Shift instructionsappearto be the
mostdifficult to predict.

Stridepredictiondoesparticularlywell for add/subtract
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Figure3: PredictionSuccesgor All Instructions

instructions.But for non-add/subtraéhstructionsthe per
formanceof the stridepredictoris closeto lastvaluepre-
diction. Thisindicateghatwhentheoperatiorof acompu-
tational predictormatcheghe operationof the instruction
(e.g.addition),higherpredictabilitycanbe expected.This
suggestaiew computationapredictorsthat bettercapture
thefunctionality of non-add/subtradhstructionscould be
useful. For example,for shifts a computationapredictor
mightshift thelastvalueaccordingo thelastshift distance
to arrive at a prediction. This approachwould tendto lead
to hybrid predictors however, with a separateomponent
predictorfor eachinstructiontype.
4.2 Correlation of Correctly Predicted Sets

In effect, the resultsin the previous sectionessentially
comparehesizesof the setsof correctlypredictedvalues.
It is alsointerestingto considerrelationshipsamongthe
specificsetsof correctlypredictedvalues.Primarily, these
relationshipsuggestvaysthathybrid predictoramight be
constructed- althoughthe actual constructionof hybrid
predictorsis beyondthe scopeof this paper

The predictedsetrelationshipsare shavn in Figure 8.
Threepredictorsareused:lastvalue,stride (delta-2),and

fcm (order 3). All subsetof predictorsare represented.

Specifically:| is thefraction of predictionsfor which only
thelastvaluepredictoris correct;s andf aresimilarly de-
finedfor thestrideandfcm predictorgespectiely; Isis the
fractionof predictiondor which boththelastvalueandthe
stridepredictorsarecorrectbut the fcm predictoris not; If
andsfaresimilarly defined]sf is thefractionof predictions
for which all predictorsarecorrect;andnp is the fraction
for which noneof the predictords correct.

In the figure resultsare averagedover all benchmarks,
but the qualitative conclusionsare similar for eachof the
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individual benchmarks.Overall, Figure 8 can be briefly
summarized:

e A smallnumber closeto 18%, of valuesarenot pre-
dictedcorrectlyby ary model.

¢ A largeportion,around40%,of correctpredictionds
capturedby all predictors.

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

e Strideandlastvaluepredictioncapturelessthan’5%
of thecorrectpredictionsthatfcm misses.

The above confirms that data values are very pre-
dictable. And it appearshat context basedpredictionis
necessaryor achiezing the highestlevels of predictabil-
ity. However, almost60% of the correctpredictionsare
alsocapturedby the stride predictor Assumingthatcon-
text basedpredictionis the moreexpensve approachthis
suggesthatahybrid schemanightbeusefulfor enabling
high prediction accuraciesat lower cost. That is, one
shouldtry to usea stride predictorfor most predictions,
andusefcm predictionto gettheremaining20%.

Another conclusionis that last value prediction adds
very little to whatthe other predictorsachieve. So, if ei-
ther stride or fcm predictionis implementedthereis no
pointin addinglastvaluepredictionto a hybrid predictor

Theimportantclasse®f loadandaddinstructionsyield
resultssimilar to the overall average.Finally, we notethat
for non-add/subtradnhstructionsthe contribution of stride
predictionis smaller this is likely dueto the earlier ob-
senation that stride predictiondoesnot matchthe func-

%
QB g Al i
ET0 g ~#—AddSub |-~~~
T Loads |-------
Seoll Logic | .
£ - Shift
Epd e [T
I €

¥ T
7 9
] e MAL
[e}
Z 1

04

% of Static Instructions that FCM does better than Stride

Figure9: Cumulative Improvementof FCM over Stride

tionality of otherinstructiontypes. This suggests hybrid
predictorbasedn instructiontypes.

Proceedingalongthe path of a hybrid fcm-stridepre-
dictor, onereasonablaepproactwould beto chooseamong
thetwo componenpredictorsvia the PCaddres®f thein-
structionbeingpredicted.This would appeato work well
if the performancedvantageof thefcm predictoris dueto
arelatively smallnumberof staticinstructions.

To determineif this is true, we first constructed list
of staticinstructiongfor which thefcm predictorgivesbet-
ter performance.For eachof thesestaticinstructions,we
determinedhe differencein predictionaccurag between
fcm and stride. We then sortedthe static instructionsin
descendingrderof improvement. Then,in Figure9 we
graphthecumulatvefractionof thetotalimprovementer-
susthe accumulategbercentagef staticinstructions.The
graphshaows that overall, about20% of the staticinstruc-
tions accountfor about97% of the total improvementof
fcm over strideprediction. For mostof individualiinstruc-
tion types theresultis similar, with shiftsshaving slightly
worseperformance.

The resultsdo suggesthat improvementsdueto con-
text basedpredictionare mainly dueto a relatively small
fraction of staticinstructions.Hence,a hybrid fcm-stride
predictorwith choosingseemdo bea goodapproach.
4.3 Value Characteristics

At this point, it is clearthat context basedpredictors
performwell, but may requirelarge tablesthat storehis-
tory values. We assumeunboundedablesin our study
but whenreal implementationsre consideredpf course
thiswill notbe possible.To geta handleon thisissue we
studythe value characteristic®f instructions. In particu-
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lar we reporton the numberof unique valuesgenerated
by predictedinstructions. The overall numbersof differ-
entvaluescouldgive a roughindicationof the numbersof
valuesthatmight have to be storedin atable.

In the left half of Figure 10, we shav the numberdif-
ferentvaluesproducedy percentagesf staticinstructions
(ans prefix). In theright half, we determinethe fractions
of dynamicinstructiongad prefix)thatcorrespondo each
of thestaticcateyories.Fromthefigure,we obsene:

e A largenumber >50%,o0f staticinstructiongyenerate
only onevalue.

e The majority of static instructions,>90%, generate
fewerthan64 values.

e The majority, >50%, of dynamicinstructionscorre-
spondto static instructionsthat generateewer than
64 values.

o Over90%of thedynamicinstructionsaredueto static
instructionghatgeneratat most4096uniquevalues.

e Thenumberof valueggeneratedariesamongnstruc-
tion types. In generaladd/subtracandload instruc-
tions generatemore valuesas comparedwith logic
andshift operations.

e Themorefrequentlyaninstructionexecutegshemore
valuesit generates.

Theabove suggesthatarelatively smallnumberof val-
ueswould be requiredto predictcorrectlythe majority of

dynamicinstructionsusing contet basedprediction— a
positiveresult.

From looking at individual benchmarkresults (not
shawvn) thereappeardo be a positive correlationbetween
programsthat are more difficult to predict and the pro-
gramsthat producemorevalues. For example,the highly
predictablen88ksimhasmary moreinstructionghatpro-
ducefew valuesascomparedvith thelesspredictablegcc
andgo. This would appearto be an intuitive result, but
theremay be caseswvhereit doesnot hold; for exampleif
valuesare generatedn a fashionthatis predictablewith
computationalpredictorsor if a small numberof values
occurin mary differentsequences.

4.4  Sensitvity Experiments for Context Based
Prediction

In this sectionwe discusgheresultsof experimentghat
illustratethe sensitvity of fcm predictorsto inputdataand
predictororder For theseexperimentsywe focusonthegcc
benchmarkandreportaveragecorrectpredictionsamong
all instructiontypes.

Sensitwity to input data: We studiedthe effectsof differ-

entinputfilesandflagson correctprediction. Thefcm pre-
dictor usedin theseexperimentsvasorder2. The predic-
tion accurag andthe numberof predictednstructionsfor

thedifferentinputfilesis shovnin Table6. Thefractionof

correctpredictionsshavs only small variationsacrosshe
differentinput files. We notethattheseresultsarefor un-

boundedables soaliasingaffectscausedy differentdata
setsizeswill not appear This may not be the casewith

fixedtablesizes.

In Table7 we shaw the predictabilityfor gccfor the same
inputfile, but with differentcompilationflags,againusing
anorder2 fcm predictor The resultsagainindicatethat
variationsarevery small.

Sensitwvity to the order: experimentavereperformedor

increasingorderfor the sameinput file (gcc.i) andflags.
The resultsfor the different ordersare shavn in Figure
11. The experimentsuggestshathigherordermeansbet-
terperformancéut returnsarediminishingwith increasing
order Theabovealsoindicatethatfew previousvaluesare
requiredto predictwell.

5 Conclusions

We consideredepresentatiesfrom two classe®f pre-
diction models: (i) computationabnd (ii) contet based.
Simulationsdemonstrat¢hatvaluesarepotentiallyhighly
predictable Ourresultsindicatethatcontext basedoredic-
tion outperformspreviously proposedcomputationapre-
diction (stride and last value) and that if high prediction
correctnesss desiredcontext methodgrobablyneedto be
usedeitheraloneor in a hybrid scheme.The obtainedre-
sultsalsoindicatethat the performanceof computational
predictionvariesbetweerinstructiontypesindicatingthat



File Predictiongdmil) | Correct(%)
jump.i 106 76.5
emit-rtli | 114 76.0
gcc.i 137 77.1
recog.i | 192 78.6
stmt.i 372 77.8

Table6: Sensitvity of 126.gccto Differentinput Files

Flags Predictiongdmil) | Correct(%)
none 31 78.6
-01 76 75.3
-02 121 76.9
refflags | 137 77.1

Table7: Sensitvity of 126.gccto Input Flagswith input
file gcc.i

Prediction Accuracy (%)

1 2 3 4 5 6 7 8
Predictor Order

Figure11: Sensitvity of 126.gccto the Orderwith input
file gcc.i

its performancecanbe furtherimprovedif the prediction
functionmatcheghefunctionalityof the predictednstruc-
tion. Analysisof theimprovementsof contect prediction
over computationabpredictionsuggesthat about20% of
the instructionsthat generateelatively few valuesarere-
sponsiblefor the majority of the improvement. With re-
spectto the value characteristic®f instructions,we ob-
senethatthemajority of instructionsdlonotgeneratenary
uniquevalues.Thenumberof valuesgeneratedy instruc-
tionsvariesamonginstructionstypes. This resultsuggests
that different instruction types needto be studiedsepa-
ratelydueto thedistinctpredictabilityandvaluebehaior.

We believe that value predictionhassignificantpoten-
tial for performancémprovement.However, alot of inno-
vativeresearchs neededor valuepredictionto becomean
effective performancepproach.
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