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Abstract

Traditional branch predictors exploit correlationsbetween
patternhistoryandbranc outcomeo predictbrandhes,but
there is a stronger and more natural correlation between
path history and branch outcome | exploit this correlation
with piecaviselinearbranchprediction anidealizedbranch
predictorthatdevelopsa setof linear functionsonefor each
program path to the branch to be predicted,that sepaate
predictedtaken from predictednot taken branches. Taken
togetherall of thesdinear functionsforma pieceviselinear
decisionsurface

Disregarding implementatiorconcernsmoduloa 64.25
kilobit hardware budget, | presenthisidealizedbranc pre-
dictor for the r st ChampionshiBrandc Predictor compe-
tition. | describethe idea of the algorithm and as well as
tricks usedto squeezét into 64.25kilobits while maintain-
ing goodaccuracy.

1

This note describesmy entry into the 1st JILP Champi-
onshipBranchPredictionCompetition.It is basedn piece-
wiselinear brand prediction a generalizatiorof both per
ceptronand path-basedeuralbranchpredictors[2, 1]. |
paid no attentionwhatso®er to issuesof implementation
suchasdelayor numbersf gatesn randomlogic; my only
concernswere accurag and keepingto the 64.25 kilobit
limit on state. The algorithmusesonly branchaddressand
outcomeinformation.

The original perceptromredictorlearnsthe equationof
a hyperplandgn n dimensionakpacewheren is the history
lengthfor the predictor Dynamicbranchesvhosepattern
historieslie above the hyperplaneare predictednot taken;
patternhistoriesbelow the hyperplaneare predictedtaken.
This schemas highly accuraten practice,but cannotcap-
turethenuancedehaior of certainbranches.

Piecavise linear branch prediction learnsthe equation
of several hyperplanedasedon the pathleadingup to the
branchto be predicted. The intersectionof thesehyper
planesforms the decisionsurfacefor prediction. Figure 1
shaws a piecavise linear decisionsurfacefor predictinga
branchwhoseoutcomeis equalto the exclusive-ORof the
outcomesof the lasttwo branches.This branchcannotbe
predictedwith more than50% accurag with perceptrons;

Intr oduction

however, piecaviselinearbranchpredictionclassi esit per
fectly.

Figurel: A piecaviselineardecisionsurfacefor XOR

Section2 describegshe ideaof the algorithm. Section4
givesalist of tricks usedto make the algorithmmoreaccu-
rate. Section5 computeshe size of the predictorto show
thatit stayswithin thelimits imposedby the contest.

2 The ldea of the Algorithm

| presentan algorithmin Algol-lik e pseudocodéhat cap-
turestheideaof the algorithmwithout going into too much
detail.

2.1 Variables

Thefollowing variablesareusedby thealgorithm:

W A three-dimensionaarray of integers. Addition and
subtractionon elementsof W saturateat +127 and -128.
The dimensionof the arrayarearbitrarily large, i.e., large
enoughto accommodatary accesshatmightbe madedur-
ing thealgorithm.

GHL Theglobalhistorylength.Thisis asmallinteger.

GHR The global history register This vectorof bits ac-
cumulateghe outcomesof branchesasthey are executed.
Branch outcomesare shifted into the rst position of the
vector



Lun(;tion predict(address integer): boolean
egin
(* outputis initialized to biasweight *)
output:= W [address0; 0]
(* sumweights(or their nggations)chosenusing
theaddresse®f thelast GHL brances*)
foriin 1::GHL do
if GHRJi] = truethen
(* if thei™ branch in )
output:= output+ W [address GAi]; i]
else
(* otherwisesubtactit *)
output:= output W [addressGAi];i]
endif
endfor
(* predictthebranch takenif the outputis at leastO *)
J predict:= output 0
en

Figure2: Predictionalgorithm

GA An arrayof addressesAs branchesreexecutedtheir
addresseare shiftedinto the rst positionof this array In
theimplementationthe elementf thearrayaresimply the
lower 8 bits of thebranchaddress.

output An integer. This integer is the dot productof a
weightsvector chosendynamicallyand the global history
register

2.2 Prediction and Update Algorithms

Figure 2 shaws the function predict that computesthe
Booleanpredictionfunction. The function acceptshe ad-
dressof thebranchto bepredictedasits only parameterThe
branchis predictedtakenif predictreturnstrue , nottaken
otherwise. Figure 3 shaws the procedurdrain thatis used
whenthebranchis executedandit is time to updatethe pre-
dictor. It acceptdwo parametersthe addres®f thebranch
andaBooleanvaluethatis trueif andonly if thebranchwas
taken. It assumethatall variablegetainthevaluesthey had
attheendof theinvocationof predictfor this branch.

3 Examples

Perceptrondearnthe equationof a hyperplanethat forms
a decisionsurfacein the featurespace.For branchpredic-

tion, thefeaturespacds the outcomef previousbranches.

Considera global history lengthof 2. Thelast branchex-
ecutedhasoutcomex which is positive if the branchwas
taken, negative otherwise. The second-to-lasbranchhas
an outcomeof y. The perceptrorpredictorlearnsthe co-
efcients my, my, andb for the equationof a planez =

myX + myy + b. Thecoefcients m; andm, arecorrelat-
ing weightsandb is the biasweight. If x andy fall below
the decisionsurface,i.e., z > 0, thenthe currentbranchis
predictectaken,otherwiseit is predictednottaken.

proceduredrain (address integer;takert boolean)
begin
if joutpuf <  or output
if taken = true then
W [address0; 0] := W [address0; 0] + 1
else
W [address0; 0] := W[address0;0] 1
endif
foriin 1::GHL
if GHR]i] = takenthen

0 6 takenthen

W address GAli];i] := W [addressGA[i];i]+ 1

else
W [address GA[i];i] := W [address GAli];i]
endif
endfor

endif

GA2::GHL] := GA[1::GHL 1]

GA[1] := address

GHR2::GHL] := GHR1::GHL 1]

GHR[1] := taken

end

Figure3: Trainingalgorithm

The piecawvise linear branchpredictorlearnsthe equa-
tions of several hyperplanesFor ary given prediction,the
coefcients for that predictionareidenti ed usingthe path
leadingto the currentbranch. Taken togethey eachof the
hyperplanesisedfor successie predictionsforms a piece-
wiselineardecisionsurfacein thefeaturespace.

Figure4 (a) shovsthe AND functionrepresentedh two-
dimensionakpace.A white dot meandalse,i.e. nottaken,
anda black dot meanstrue, i.e. taken. In termsof branch
prediction this gure representa branchthatis takenif any
only if both of the previous branchesn the global branch
historyweretaken. Figure4 (b) shovs a 2-dimensionatep-
resentatiorof theintersectiorof thez = 0 planeandadeci-
sionsurfacelearnedy theperceptrormpredictorfor theAND
function. The darker shadedegion indicatespointsbelow
thedecisionsurface,i.e. x; y coordinategor which thepre-
dictor predictstaken The lighter shadedregion indicates
pointsabove thedecisionsurfacefor which not takenwould
be predicted.Figure4 (c) shovs a decisionsurfacelearned
by pieceviselinearbranchprediction.Both algorithmssep-
aratethe AND function perfectly

Figure5 (a) shovs the XOR function,i.e., a branchthat
is takenif andonly if the previous branchesn the global
history hadbehaviors oppositefrom oneanother Figure5
(b) shows a decisionsurfacelearnedby the perceptrorpre-
dictor. This surfaceclassi esinstancesorrectlyonly 50%
of the time. Clearly, a single plane cannotseparatethe
takenandnottakeninstance®f the XOR function;it is lin-
early insepamble [3]. NeverthelessFigure5 (c) shavs a
decisionsurfacelearnedby piecavise linear branchpredic-

tion thatperfectlyseparatetakenfrom not takeninstances.

Using pathinformationfrom the programthat containsthe
branchesn question,a piecevise linear decisionsurfaceis
learnedthatclassi esthe XOR functioncorrectly
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Figure4: The AND function(a), a perceptrordecisionsurface(b), anda piecaviselineardecisionsurface(c)
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Figure5: The XOR function(a), a perceptrordecisionsurface(b), anda piecavise-lineardecisionsurface(c)

4  Tricks

In this section,l describea numberof tricks usedto t the
predictorinto 64.25kilobits aswell asachieve goodaccu-
ragy. A numberof parameterso the algorithmwerechosen
empirically; unfortunatelylimited spacedoesnot allow me
to shaw their valuesin this note, but they are describedn

my predictor.h

4.1 Hashing

An arbitrary-sizedhree-dimensionarrayhasthe potential
to exceedthe 64.25kilobit limit for the contest. So | use
hashingto mapindicesof the arbitrary-sizedarrayinto lo-
cationsof nite-sized table. Sometriples of indiceswill

collide with one anotherin the table, possibly causingde-
structive interference.l settledon the following hashfunc-
tion that seemgo reduceinterferenceover otherfunctions
| tried. Let N bethe numberof weightsin the nite-sized
table.LetH1, H,, andH 3 beprimenumbershoserempir
ically. Thenthehashfunctionis:

functionhash(i,j ,k : integer):integer

begin

hi:=1i H;

hj :=j Hy

hk := k Hj

hash:= (hi xor hj xor hk) mod N
end

The valueschosenfor N, H1, Ho, andH3 arechosen
empiricallyandappeain predictor.h

4.2 Separating Bias Weights from Other
Weights

| dividedthe weightsinto two pools: a pool of biasweights
and a pool of generalweights. Bias weightsand general
weights have different properties,e.g. the biasweight is

usuallymuchmorecorrelatedvith branchoutcomehanary

particularhistoryweight,andthesamebiasweightis always
usedfor a given staticbranch. Separatinghe weightsinto

thesetwo pools allows the sizesof thesepoolsto be de-
terminedempirically. It alsoenablesanotheroptimization
describedelow, dynamicadjustingthe historylength.

4.3 UsingGlobal and Per-Branch History

To boostaccurag, | useda combinationof globalandper

branchhistory ratherthanjust global history asoutlinedin

thealgorithmsabove. A tableof perbranchhistoriesis kept
andindexedby branchaddressnodulonumberof histories.
Thesehistoriesare incorporatednto the computationgor

the predictionandtraining in the sameway as the global
histories.This techniquenvasusedin the perceptrorpredic-
tor [3] andhasbeenreferredto asalloyedbranchprediction
in theliterature[5]. Theseparametersverechosenempiri-
cally.



4.4 Adjusting the Threshold for Taken

Branches

The algorithmpredictsa branchto be takenif the value of
outputis atleastO. It turnsoutthatmostof branchesn the
distributedtracesarebiasedo benottaken,sochanginghis
thresholdfrom 0 to 3 givesslightly betteraccurag.

4.5 Dynamically Adjusting
Length

the History

With alargenumberof staticbranchesgestructve interfer
encecanbe a big problem. Onesolutionis to usea shorter
globalandlocal historylengthsothatfewer weightsarein-
volvedin ary particularprediction. After 300,000branches
have passedmy predictorestimateshe numberof static
branchedy countingall of the biasweightswhosemagni-
tudesexceed2. If thisnumberexceeds300,thenthe predic-
tor switchegto lower globalandlocal historylengths;other
wise, it switchesto higherglobalandlocal historylengths.
Thesehistorylengthsaswell asthe gures 300,000and300
were determinedempirically. An ideaof changinghistory
lengthdynamicallyis describedn [4].

4.6 Extra Weights

The biasweightandthe rst several globalweightsarere-
peated.Thatis, the algorithm usesothersourcedor these
weights as well as the original source. Thus, a branch
hasmore thanone biasweight: onefrom the pool of bias
weightsand several from the pool of generalweights. A
branchalsohasmore thanone of eachof the rst several
globalweights. Thisimprovesaccurag by reducingthe ef-
fect of destructve interferenceaswell as emphasizinghe
relative predictive power of theseweightsin computingthe
outputof the predictor The numberof extra weightsis de-
terminedempiricallyanddynamicallyadjustecasdescribed
above.

4.7 Inverted Bias Weights

A bias weight is normally incrementedvhen a branchis
taken and decrementedtherwise. | found that it is help-
ful to have extra biasweightsthatare decrementeavhena
branchis taken andincrementedtherwise,and subtracted
from the outputratherthanadded.The numberof thesein-
vertedweightsto useis determinecempiricallyanddynam-
ically adjustedasabove.

5 The Sizeof the Predictor

To simplify accountingfor the sizesof thesevariables,all
variablesrepresentingredictorstateare declaredas elds
of theclassPREDICTORI only countthebits in eachvari-
ablethatareactuallyusedby the algorithm,e.g. the signed
variabletheta _upper only accountsfor 9 bits sinceits
maximummagnitudenever exceeds255, even thoughit is

representedy a 16-bitshort int . Eachof the weights
is 7 bits sincetheir maximumand minimum valuesare 63
and-64, respectiely, eventhoughthey arerepresentedy
8-bit signed char s. Figurel shovs how | computethe
sizeof the stateusedfor the predictor

Quantity of bits | Sourceof bits
7* 8590 | 85907-bit generalWweights
+7* 599 | 5997-bit biasweights
+8* 48 | 488-bitglobaladdresses
+ 48 | 48bhitsfor globalhistoryregister
+16* 55 | 55 16-hitlocal historyregisters
+32 | output of predictoris 32-bitint
+16 | i isal6-bitint usedasloopindex
+8 | global _history _length is 8-bitint
+8 | local _history _length is8-bitint
+8 | extra _bias _length is 8-bitint
+8 | extra _history _length is8-bitint
+8 | inverted _bias _length is8-bitint
+9 | theta _upper is 9-bitsignedint
+9 | theta _lower is 9-bitsignedint
+16 | Ih isal6-bitlocalhistory
+32 | ntimes isa32-bitint
65789 | total number of bits

Tablel: Computingthetotal numberof bits used

Thetotal numberof bits usedby my predictoris 65,789,
whichis lessthanthe 64K + 256 = 65,792bits allowed for
thecontest.
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