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CPUsareoftenseenassequential,however they haveahighdegreeof internalparallelism,typically
operatingon 32 or 64 bits simultaneously. This chapterexploresthe ideaof exploiting this internal
parallelismto extendthe scopeof geneticprogramming(GP) and improve its efficiency. We call
the resultingform of GP sub-machine-codeGP. The differencesbetweensub-machine-codeGP
andtheusualform of GParepurelysemanticandlargely languageindependent,i.e. any GPsystem
canpotentiallybe usedto do sub-machinecodeGP. In this chapterthis form of GP andsomeof
its applicationsarepresented.Thespeedup obtainedwith this techniqueon Booleanclassification
problemsis nearly2 ordersof magnitude.

13.1 Introduction

GeneticProgramming(GP)[Koza,1992;Koza,1994;Banzhafetal., 1998] is usuallyseen
asquite demandingfrom the computationload andmemoryusepoint of view. So, over
theyearsanumberof ideasonhow to improveGPperformancehavebeenproposedin the
literature.We recallthemainspeeduptechniquespublishedto datein Section13.2.

Someof thesetechniquesarenow usedin many GPimplementations.Thanksto thisand
to the fact that the power of our workstationsis increasingexponentially(today’s CPUs
arenow morethan10 timesfasterthanthoseusedin early GP work), nowadayswe can
run 50 generationsa typical GPbenchmarkproblemwith a populationof 500 individuals
in perhapsten secondson a normalworkstation. Nonetheless,the demandfor moreand
moreefficient implementationshasnot stopped.This is becauseextensive experimental
GP studies(like [Langdonand Poli, 1998] or [Luke and Spector, 1998]) and complex
applications(like [Poli, 1996] or [Luke, 1998]) maystill requirefrom daysto monthsof
CPUtimeto complete.

Most computerusersconsiderthe machineson their desksas sequentialcomputers.
However, at a lower level of abstractionCPUsarereally madeup of parallelcomponents.
In thissensetheCPUcanbeseenasa SingleInstructionMultiple Data(SIMD) processor.
In thischapterwepresentanovel wayof doingGPwhichexploits this form of parallelism
to improve theefficiency andtherangeof applicationsof geneticprogramming.We term
this form of GPsub-machine-codeGP.

Sub-machine-codeGPwhich extendsthescopeof GPto theevolution of parallel pro-
gramsrunningonsequentialcomputers. Theseprogramsarefasteras,thanksto theparal-
lelism of theCPU,they performmultiple calculationsduringa singleprogramevaluation.
Sincetheseprogramsmaybeverydifficult tofind for humanprogrammersandarecertainly
beyondthescopeof currentoptimisingcompilers,this is animportantnew extension.



In addition,in somedomains,sub-machine-codeGPcanbeusedto speeduptheevalua-
tion of sequentialandparallelprogramsveryeffectively. In thechapterweshow thatnearly
2 ordersof magnitudespeedupscanbeachievedby any standardGPsystem,independently
of theimplementationlanguageused,with minimalchanges.

The chapteris organisedas follows. After describingearlierwork on speedup tech-
niquesfor GP(Section13.2),in Section13.3we startexploring theideaof usingmodern
CPUsat theirvery lowestlevel of computationalresolutionto dogeneticprogramming.In
Section13.4wedescribeapplicationsof sub-machine-codeGPto problemswheredifferent
componentsof theCPUperformdifferentcalculationsconcurrently. We illustratehow to
achieve substantialspeedupsin theevaluationof sequentialprogramsusingsub-machine-
codeGPin Section13.5.We give someindicationsof possibleextensionsof this ideaand
wedraw conclusionsin Section13.6.

13.2 Background

JohnKoza’s first book[Koza,1992] includeda numberof tricks to speedup his Lisp GP
implementation.However, soonpeoplestartedtrying to go beyond the inefficienciesof
theLisp language,andsomeGPimplementationsin C andC++ appeared(seefor exam-
ple [Singleton,1994]). Thesecanbeseveral timesfasterthanthe equivalentLisp imple-
mentations.So,they spreadveryquickly in thecommunityandnowadaysmany researchers
usesomesortof C or C++GPsystem.To gobeyondthespeedupprovidedby thelanguage,
somedrasticchangesarerequired.

Somespeedup techniquesrely on a betterrepresentationfor the treesin the popula-
tion. An exampleis the idea,firstly proposedby Handley [Handley, 1994], of storingthe
populationof treesasa singledirectedacyclic graph,ratherthanasa forestof trees.This
leadsto considerablesavingsof memory(structurallyidenticalsubtreesarenotduplicated)
andcomputation(thevaluecomputedby eachsubtreefor eachfitnesscasecanbecached).
Anotherideais to evolvegraph-likeprograms,ratherthantreelike ones.For example,the
grid-basedrepresentationusedin ParallelDistributedGeneticProgramming(PDGP)[Poli,
1997] hasbeenusedto evolve very efficient graph-like programs.In PDGPthespeedup
derivesfrom thefactthat,on problemswith a high degreeof regularity, partialresultscan
bereusedby multiplepartsof a programwithouthaving to berecomputed.

Other techniquesare basedon trying to speedup as much as possiblethe execu-
tion of programs. For example, recently techniqueshave been proposedwhich are
basedon the idea of compiling GP programseither into somelower level, more ef-
ficient, virtual-machinecode or even into machinecode. For example, in [Fukunaga
et al., 1998] a genomecompilerhasbeenproposedwhich transformsstandardGP trees
into machinecodebeforeevaluation. The possibilitiesoffered by the Java virtual ma-
chinearealsocurrentlybeingexplored[Klahold et al., 1998;Lukschandlet al., 1998a;
Lukschandlet al., 1998b]. Well before theserecentefforts, since programsare ulti-



mately executedby the CPU, other researchersproposedremoving completelythe in-
efficiency in programexecution inherent in interpretingtreesand directly evolve pro-
gramsin machinecodeform [Nordin, 1994;Nordin andBanzhaf,1995;Nordin, 1997;
Nordin, 1998]. This ideahasrecentlyled to a commercialGP systemcalledDiscipulus
(RegisterMachineLearningTechnologies,Inc.) which is claimedto beat leastoneorder
of magnitudefasterthanany GPsystembasedonhigher-level languages.

Sincethe evaluationof thefitnessof programsoften involvestheir executionon many
differentfitnesscases,someresearchershave proposedspeedingup fitnessevaluationby
reducingthe numberof fitnesscases.For example,this canbe doneby identifying the
hardestfitnesscasesfor a populationin one generationand evaluatingthe programsin
the following generationonly usingsuchfitnesscases[GathercoleandRoss,1997]. Al-
ternatively, theevaluationof fitnesscasescanbestoppedassoonasthedestiny of a par-
ticular program(e.g.whetherthe programwill be selectedto be a parentor not and, if
so, how many times) is known with a big enoughprobability [Teller and Andre, 1997;
Langdon,1998]. A relatedideais to reducethecomputationloadassociatedwith program
executionby avoiding there-evaluationof partsof programs.This canbedone,for exam-
ple,by cachingtheresultsproducedby ADFs thefirst time they arerun with a certainset
of arguments,andusingthestoredresultsthereafter[Langdon,1998].

Finally, someresearchhasbeendevotedto parallelanddistributedimplementationsof
GP(seefor example[AndreandKoza,1996;Stoffel andSpector, 1996;JuilleandPollack,
1996;Sian,1998]). Theseareusuallybasedon theideaof distributinga populationacross
multiple machineswith someform of communicationbetweenthemto exchangeuseful
geneticmaterial.A similar, but morebasic,speedup techniqueis to performindependent
multiple runsof a sameproblemon differentmachines.It shouldbenotedthat in a sense
thesearenot really speedup techniques,sincethe amountof CPUtime per individual is
notaffectedby them.

�

13.3 Sub-machine-code GP

As indicatedin theintroductionCPUscanbeseenasmadeupof asetof interactingSIMD
1-bitprocessors.In aCPUsomeinstructions,suchasall Booleanoperations,areperformed
in parallelandindependentlyfor all thebits in theoperands.For example,thebitwiseAND
operation(seeFigure13.1(a))is performedinternallyby theCPUby concurrentlyactivat-
ing a groupof AND gateswithin thearithmeticlogic unit asindicatedin Figure13.1(b).
In otherinstructionsthe CPU 1-bit processorscanbe imaginedto interactthroughcom-
municationchannels.For example,in a shift left operationeachprocessorwill senddata�

It hasbeenreportedin [AndreandKoza,1996] that theuseof subpopulationsanda network of transputers
delivereda super-linear speed-upin termsof the ability of the algorithmto solve a problem. So, the amount
of CPUtime per individual wasreduced.This happenedbecausepartitioningthe populationwasbeneficialfor
theparticularproblembeingsolved. Thesamebenefitscouldbeobtainedby evolving multiple communicating
populationsonasinglecomputer.



to its left neighbourwhile in anaddoperationsome1-bit processorswill senda carrybit
to oneof theirneighbouringprocessors.Otheroperationsmight involvemorecomplicated
patternsof communication.

Someoperations(like Booleanoperationsor shifts) can be imaginedto be executed
synchronouslyby all 1-bit processorsat thesametime. Others,likeaddition,requiresome
differentform of synchronisation(e.g.in someCPUscarrybitsareonly availableafterthe
corresponding1-bit processorshave performedtheir bit-addition). Nonetheless,asfar as
theuserof a CPUis concernedtheCPU1-bit processorsrun in parallel,sincetheresults
of theoperationof all processorsbecomeavailableat thesametime.

If we seethe CPU asa SIMD computer, thenwe could imaginethat eachof its 1-bit
processorswill beableto producea resultaftereachinstruction.Most CPUsdo not allow
handlingsinglebitsdirectly. Insteadall thevaluesto beloadedinto theCPUandtheresults
producedby the CPU arepacked into bit vectors,which arenormally interpretedasas
integersin mostprogramminglanguages.

�
For example,in many programminglanguages

theuserwill seea bitwiseAND operationasa functionwhich receivestwo integersand
returnsaninteger, asindicatedin Figure13.1(c).

All thispowerful parallelisminsideourCPUshasbeenignoredby theGPcommunityso
far, perhapsbecausemany of usarenot usedto think in termof bits,nibbles,carries,reg-
isters,etc. For example,to thebestof our knowledge,in every implementationoperations
like the logical AND shown in Figure13.2(a)areexecutedsequentially. This exercises
only oneof the1-bit processorswithin theCPUasindicatedin Figure13.2(b).

Thesimplestwaysto exploit theCPU’s parallelismto do GPis to make it executethe
sameprogramon differentdatain paralleland independently. This canbe doneas fol-
lows:

� Thefunctionsetshouldincludeoperationswhichexploit theparallelismof theCPU,e.g.
bitwiseBooleanoperations.

� Theterminalsetshouldincludeinteger input variablesandconstants,which shouldbe
interpretedasbit vectorswhereeachbit representstheinput to a different1-bit processor.
For example,theintegerconstant21,whosebinaryrepresentationis 00010101(assuming
an8-bit CPU),wouldbeseeas1 by the1-bit processorsprocessingbits1,3 and5. It would
beseenas0 by all other1-bit processors.

� Theresultproducedby theevaluationof aprogramshouldbeinterpretedasabit vector,
too. Eachbit of this vectorrepresentsthe resultof a different1-bit processor. E.g. if the
outputof a GP programis the integer13, this shouldbeconvertedinto binary (obtaining
00001101)anddecomposedto obtain8 binaryresults(assumingan8-bit CPU).�

Oftenbit vectorsof differentsizesareallowed(e.g.bytes,words,doublewords),but this is irrelevant for the
presentdiscussion.
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Figure 13.1
Threedifferentwaysof looking at a bitwise AND operationasperformedby a 16-bit CPU: (a) bitwise AND
betweenbinary numbers,(b) implementationof the operationin (a) within the CPU,and(c) the samebitwise
AND asseenby aCPU’s userasanoperationbetweenintegers.
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Figure 13.2
A logicalAND (a),andits equivalentusingAND gates(b).

To exploit theparallelismof theCPUit is notnecessaryto manipulatemachinecodedi-
rectly. In fact,mosthigh level languagesincludesomeoperationswhich thecompilercon-
vertsdirectly into thecorrespondingmachinecodeoperations.E.g. integerarithmeticop-
erations(multiplication,addition,subtraction,division),bitwiselogical operations(AND,
OR, NOT), bit shift and rotateoperations.By usingsuchhigh level instructionsin the
functionsetof GP, it is possibleto exploit theparallelnatureof theCPUin mosthigh level
languages.Sincetheotherdifferencesw.r.t. theusualform of GP arerelatedonly to the
interpretationof theinputsandoutputsof eachprogram,anyGPsystemcanpotentiallybe
usedto dosub-machinecodeGP.

An ideal applicationfor this paradigmis to evaluatemultiple fitnesscasesin parallel.
Booleaninductionproblemslendthemselvesto this useof sub-machine-codeGP, leading
to 1.5 to 1.8ordersof magnitudespeedups(for 32 and64 bit machines,respectively). We
describethis in detailin Section13.5.

More complex applicationsof this ideacanbe envisagedin which the CPU 1-bit pro-
cessors,althoughexecutingthe sameprogram,canstill performdifferentcomputations.
Obviously, this couldbedoneby re-wiring a CPUsoasto do somethingit hasnot being
designedto do (exceptwhentheCPU’s microcodeis storedin rewritablememory, which
is not thecasefor theCPUsin standardworkstations).However, it is possibleto do it by
passingdifferentdatato differentprocessorsthusmakingthembehave differently. This
canbedoneeitherby feedingdifferentdatain thevariousbitsof theinputvariables,or by
usingconstantswith differentbits set. For example,let usconsidera 2-bit CPUwhich is
computingabitwiseXOR betweenavariablex andaconstantc = 2 (whichis thebinary
10), andsupposethat x is either0 (binary00) or 3 (binary11). In theseconditions,the
first 1-bit processorwill perform (XOR x 1) andwill thereforereturnthe negationof
thecorrespondingbit in x , i.e. it will computethe function (NOT x) . Thesecond1-bit
processorwill insteadcompute(XOR x 0) andso will simply copy the corresponding
bit in x , i.e. it will computetheidentity function.



13.4 Examples

In this sectionwe will describea few sampleapplicationsof sub-machine-codeGP. The
runsdescribedin the sectionwereperformedwith our own GP implementationin Pop-
11. Theresultspresentedin Section13.5wereinsteadobtainedwith a C implementation.
Reimplementingtheseexampleswithin GPsystemswritten in otherlanguagesis trivial.

13.4.1 1-bit and 2-bit Adder Problems

Letusconsidertheproblemof evolvinga1-bitadderprogrambasedonBooleanoperations.
Theadderhastwo inputsa andb andtwo outputssumandcarry . Thetruthtablefor the
adderis:

a b sum carry

0 0 0 0
1 0 1 0
0 1 1 0
1 1 0 1

Eachrow in this tablecanbeusedasa fitnesscase.
This problemwould beextremelyeasyto solve by handif onecouldusetwo separate

programtreesto expressthesolution.In thatcaseit wouldbesufficientto use(XOR a b)
to computesum and(AND a b) to computecarry . However, by exploiting theparal-
lelismin theCPUit is possibleto performbothcomputationsat thesametime. Thiscould
bedoneby slicing theoutputof a singleprograminto its componentbits andinterpreting
oneof themassum andoneascarry . Of courseto do this it would be necessaryto
includein theprogramsomeappropriateconstantswhichwouldexcitedifferentlydifferent
parallelcomponentsof theCPU.

Thisversionof theproblemis muchharderto solvefor humans,but canbeeasilysolved
by evolution usingsub-machine-codeGP. To do that andto keepthe examplesimplewe
decidedto useonly the bit-0 and bit-1 processorswithin the CPU sincethereare only
two outputsin this problem.The functionsetwas

�
AND, OR, NOT, XOR� , whereall

functionswhereimplementedusingbitwiseoperationson integers. The terminalsetwas�
x1, x2, 1, 2 � . The constants1 and 2 whereselectedsincethey have the binary

representation01 and10 whichallowsGPto modify selectively thebehaviour of different
partsof theprogramfor different1-bit processors.

For eachof thefour fitnesscases,thevariablex1 tookthevalue3 (whichcorrespondsto
thebinarynumber11) whenthecorrespondingentryin columna of thetruth tableabove
was1, the value0 (i.e. the binary number00) otherwise.Likewise,x2 took the value3
whenb was1, 0 otherwise.This wasdoneto provide the sameinputsboth to the bit-0
processorandto thebit-1 processorof theCPU.



Eachprogramin thepopulationwasrun with eachof the four possiblesettingsfor the
variablesx1 andx2 . The two leastsignificantbits of the integer producedasoutput in
eachfitnesscasewerecomparedwith the targetvaluesfor sum andcarry indicatedin
the previous table. The fitnessfunction wasthe sumof the numberof matchesbetween
suchbits, i.e.a perfectprogramhadafitnessof 8, 4 for sum and4 for carry .

Exceptfor the fitnessfunction, no changeof our standard-GPsystemwas necessary
to run sub-machine-codeGP. As far asGP wasconcernedit wassolving, usingbitwise
primitives,a symbolicregressionproblemwith fitnesscases:

x1 x2 target

0 0 0
3 0 2
0 3 2
3 3 1

ratherthanthe 1-bit adderproblem. Underthis interpretation,in the fitnessfunction the
programoutputsandthe targetoutputswerecomparedto producea fitnessmeasurein a
way quite unusualfor symbolicregressionproblems.For example,if in onefitnesscase
theprogramoutputwas2 (binary10) andthetargetwas1 (01) thatgave a contributionof
0 to thetotal fitness,while if theprogramoutputwas3 (11) thefitnesscontributionof the
fitnesscasewas1!

In our runs we useda populationof 1000 individuals, up to 100 generations,stan-
dardsubtreecrossover (with uniformprobabilityof selectionof thecrossoverpoints)with
crossover probability 0.7, no mutationandtournamentselectionwith tournamentsize7.
Therandominitialisationof thepopulationwasperformedsoasto obtainauniformdistri-
butionof programsizesbetween1 and50nodes.

Figure13.3(a)shows a solutionto this problemdiscoveredby GP at generation3 of a
run. As far asthebit-0 processorof theCPU(theonewhich computessum) is concerned
this programis equivalentto theoneshown on the left of Figure13.3(b).This versionof
theprogramhasbeenobtainedby replacingtheconstantsin Figure13.3(a)with theLSB
of their binaryrepresentation(i.e. 1 (binary01) is replacedwith 1 and2 (binary10) with
0). As shown on theright of thesamefigure,asexpectedthis programis equivalentto the
XOR function. Figure13.3(c)shows theprogramasseenby thebit-1 processor(theone
whichcomputescarry ), which is equivalentto theAND function.

In anotherrun we solvedalsothetwo-bit adder(withoutcarry)problemwhich requires
theuseof four inputvariables:x1 , x2 whichrepresenttheleastsignificantbit andthemost
significantbit of the first operand,respectively, andx3 andx4 to representthe second
operand. All the other parameterswere the sameas in the 1-bit adderproblemexcept
thatwe includedalsotheconstants0 and3 in theterminalsetandthat theoutputbits are
interpretedassum1 andsum2 ratherthansum andcarry . Figure13.4showsa solution
foundby sub-machine-codeGPatgeneration11.
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Figure 13.3
(a) Programevolvedusingsub-machine-codeGPto solve the1-bit adderproblem,(b) thesameprogramasseen
by thebit-0 processorwithin theCPU(in thick line) andsomeof its simplerequivalents(in thin line), and(c) the
correspondingprogramexecutedby thebit-1 processorandits simplifications.
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Figure 13.4
Programevolvedusingsub-machine-codeGPto solve the2-bit adderproblemwithoutcarry.

By slightly modifyingthesetupof theexperimentsdescribedabovewewerealsoableto
evolve a solutionto thetwo-bit adderproblemwherethecarrybit is alsocomputed.This
problemhasthreeoutputbits andso requiresusingthree1-bit processors.So, the inputs
variablesx1 , x2 , x3 andx4 (whichhave thesamemeaningasin thepreviousparagraph)
tookthevalues0 and7 (i.e.binary111)dependingonwhetherthecorrespondingbit of the
2-bit addertruth tablewas0 or 1. Theconstants0, 1, 2, 3, 4, 5, 6 and7 wereincludedin
the terminalset. Thefitnessfunctionwasthesum(over all the16 possiblecombinations
of inputs)of thenumberof matchesbetweentheactualoutputof eachprogram(i.e.sum1,
sum2 andcarry ) andthedesiredoutput(maximumscore48) decreasedby 0.001times
thenumberof nodesin a program.This wasdoneto promoteparsimonioussolutions.All
theotherparameterswereasin thepreviousexperiments.A solutionto this problemwas
foundby GPat generation27 of a run. Thesolutionincluded80 nodes.By allowing the
run to continue,by generation69 GPhadsimplifiedthis solutionsdown to 29 nodes.The
simplifiedsolutionis shown in Figure13.5.

13.4.2 Character Recognition Problem

In theadderproblemsthe1-bit processorsusedto performthe taskdid not communicate
in any way. However, in someproblems,like thecharacterrecognitionproblemdescribed
below, addingsomeform of communicationbetweenprocessorscanbeuseful.
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Figure 13.5
Programevolvedusingsub-machine-codeGPto solve the2-bit adderproblemwith carry.

The characterrecognitionproblemwe consideredto illustrate this idea includedonly
threeinputpatters,anA, aB andaC,representedby the �	�
� bitmapsshown in Figure13.6.
Theblacksquaresrepresent1’s andwhiteonesrepresent0’s of thecorrespondingbit map
(theadditionalrole of thesquareswith gray bordersis explainedbelow). Eachcharacter
representedonefitnesscase.Theobjectivewasto evolveaprogramcapableof identifying
thethreecharacters.

Each characterin Figure 13.6 was representedby a 25-bit binary string by read-
ing the bits from eachbit map from left to right and top to bottom. This produces
the strings A=0010001010100011111110001, B=1111010001111101000111110 and
C=0111010001100001000101110. Sowedecidedto use251-bit processors.Theterminal
setincludedonly onevariable,x , andrandomintegerconstantsbetween0 and33554431
(which correspondsto the binary number1111111111111111111111111). The variable
x takesthevalues4540401,32045630or 15254062which arethedecimalequivalentsof
thebit-stringsrepresentingthecharactersA, B andC, respectively. In orderto determine
whichcharacterwaspresentin inputwedesignatedthebit-11,bit-12andbit-13processors
asresultreturningprocessors(i.e.all thebitsof theintegerresultingfrom theevaluationof
eachprogramwereignoredexceptbits11,12and13). WhenanA waspresentedin input,
the targetoutputwasthe pattern100. Whena B waspresentedthe target was010. The



Figure 13.6
A, B andC bitmapsusedin thecharacterrecognitionproblem.

targetwas001whenC wastheinput. Thefitnessfunctionwasthesum(overthe3 possible
inputs,A, B andC) of thenumberof matchesbetweenthe actualoutputandthe desired
outputfor bits 11,12,and13 (maximumscore9) decreasedby 0.001timesthenumberof
nodesin a program.

Bits 11, 12 and13 werechosenasoutputssincethecharactersA andC cannotbedif-
ferentiatedjust by looking at bits 11,12 and13 of their binaryrepresentationsasit canbe
easilyinferredby comparingthepatternsin thesquareswith graybordersin Figure13.6.
Therefore,thisproblemcouldnotbesolvedwithoutallowing someform of communication
betweenprocessors.To keepthingsassimpleaspossiblewe decidedto try usingsimple
bit shift operationsto startwith. So,we usedthefunctionset

�
NOT, OR, AND, XOR,

SL, SR� , whereSR (SL) is anarity-1 functionwhich performsa 1-bit shift to the right
(left) of thebit patternrepresentingits integerargument.

Expectingthis problemto bemuchharderthanthepreviousoneswe useda population
of 10,000individualsin our runs. Theotherparameterswhereasin the 2-bit adderwith
carryproblem.However, theproblemwasin factquiteeasyto solve: a solutionwasfound
atgeneration0 of eachof thefiverunsweperformed.In onerun thegeneration-0solution
included31nodes,but by allowing therun to continuefor 7 moregenerationsweobtained
thesimplified8-nodesolutionshown in Figure13.7.

This solution is quite clever. It usescommunicationto createtwo modified (shifted)
versionsof the input bit pattern.In thefirst versionthecharactersB andC canbediffer-
entiatedfrom A by looking at bits 11, 12 and13. In the secondversionA andC canbe
differentiatedfrom B. Thenby combiningsuchmodifiedbit patterswith anXOR notonly
thethreecharacterscanbeproperlydifferentiated,but thedesiredencodingfor theresultis
alsoachieved.Thestepsperformedby theprogramwhenA, B or C arepresentedin input
areshown in Table13.1.

Theonly changesnecessarytosolvethisproblemwith ourGPimplementationin Pop-11
werewithin thefitnessfunction.To clarify how little effort theserequiredwereportin Fig-
ure13.8theactualimplementationof thefitnessfunctionusedin thecharacterrecognition
experiments.
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Programevolvedusingsub-machine-codeGPto solve thecharacterrecognitionproblem.

13.4.3 Discussion

Theevolutionof theprogramsdescribedin theprevioussubsectionswasveryquickexcept
for the2-bit adderwith carry, which wassolvedonly in 2 runsout of 10. At this stagewe
cannotsaywhetherevolving oneprogramthatdoesmorethanonejob usingsub-machine-
codeGPalwaysrequireslesseffort thanevolvingseparateprogramsin independentruns.It
is entirelypossiblethattheconstraintsimposedby theSIMD natureof theCPUwill make
the searchharderwhenonewantsto useseveral 1-bit processorsto do totally unrelated
tasks. In this case,it would be possiblethat the advantagein termsof evaluationtime
offeredby sub-machine-codeGPprogramswould beoutweighedby anincreasednumber
of evaluationsrequiredto solve theproblem.

Given the relative difficulty with which the 2-bit adderwith carry wassolved, we ex-
pectedthatthiswouldhappenin thecharacterrecognitionproblemwhereweused25pro-
cessors.However, evolutionseemedto begreatlyfacilitatedby therepresentationadopted.
So,clearlytherearedomainswheresub-machine-codeGPcanexploit theCPUparallelism
fully. Evenif therearecaseswherefinding a parallelprogramwith sub-machine-codeGP
is hard,if oneis ableto find onesuchprogram,thenexecutionof it will presumablystill
bemuchfasterthanif usingmultiple standardsequentialprograms.This advantagemay



Table 13.1
Stepsin theexecutionof theprogramin Figure13.7.Thebitsreadastheoutputof theprogramareshown in bold.

Inputpattern

Subexpression A B C

x 00100
01010
10001
11111
10001

11110
10001
11110
10001
11110

01110
10001
10000
10001
01110

(SL (SL (SL x))) 00010
10100
01111
11100
01000

10100
01111
10100
01111
10000

10100
01100
00100
01011
10000

(NOT (SL (SL (SL x)))) 11101
01011
10000
00011
10111

01011
10000
01011
10000
01111

01011
10011
11011
10100
01111

(SRx) 00010
00101
01000
11111
11000

01111
01000
11111
01000
11111

00111
01000
11000
01000
10111

(XOR (NOT (SL (SL (SL x)))) (SRx)) 11111
01110
11000
11100
01111

00100
11000
10100
11000
10000

01100
11011
00011
11100
11000

becomeprevalentover the searcheffort, whenever the programsareusedin applications
wherethey arerunrepeatedlyandfrequentlyfor anextendedperiodof time.

CPUsarenot theonly computationaldevicesavailablewithin modernworkstations.For
example,deviceslike graphicacceleratorscanalsoperformcertainformsof computation
in parallelon hugequantitiesof dataveryefficiently. For example,mostgraphiccardsare
ableto shift andto performbitwiseoperationson largeportionsof their videomemoryin
microsecondsusingspecialised,very high speedprocessors.Goodgraphicslibrarieswill
exploit suchoperations.Sub-machine-codeGPcouldbe run on a videocard,ratherthan
on theCPU,with minimumeffort (perhapsonedaywe will evenhave sub-machine-code
GPscreensavers!).SomeCPUsalsoincludesimilar specialisedhigh-throughputgraphics
operations(like theMMX extensionson Pentiumprocessors)which couldbeexploitedto
doGP.



define char_rec_fitness_function( prog );
vars match_count = 0, target, output, x, i;

fast_for x, target in_vectorclass ;;; This FOR loop binds X and
;;; TARGETsimultaneously

{2:0010001010100011111110001 ;;; Inputs A, B, C
2:1111010001111101000111110 ;;; (2:XXXX = XXXX in base 2)
2:0111010001100001000101110},

{2:0000000000010000000000000 ;;; Desired outputs for A, B, C
2:0000000000001000000000000 ;;; (all bits ignored except 11,
2:0000000000000100000000000};;; 12 and 13)

do

eval( prog ) -> output; ;;; Run evolved program

for i from 11 to 13 do
if getbit(i,output) == getbit(i,target) then

1 + match_count -> match_count;
endif;

endfor;
endfor;
match_count - 0.001 * nodes( prog ) -> fitness( prog );

enddefine;

Figure 13.8
Pop-11implementationof thecharacterrecognitionproblemfitnessfunction.

13.5 Fast Parallel Evaluation of Fitness Cases

As indicatedin theprevioussections,sub-machine-codeGPoffersmany advantages.How-
ever, given the SIMD natureof the CPU, it might also requirean increasednumberof
evaluationsto solveproblemswherethe1-bit processorsof aCPUarerequiredto perform
unrelatedtasksin parallel. Theseadditionalsearchcostsdisappearwhenusingthe CPU
processorsto doexactly thesametaskbut ondifferentinputdata.

Onesuchcasesis theuseof sub-machine-codeGPto evaluatemultiple fitnesscasesin
parallel. This canbedonevery easilyin Booleanclassificationproblems.Theapproach
usedis asimplemodificationof theapproachusedin theexamplesin theprevioussections.
Theonly differenceswith respectto standardGPare: independently. This canbedoneas
follows:

� BitwiseBooleanfunctionsareused.

� Beforeeachprogramexecutionthe input variablesneedto initialised so as to passa
differentfitnesscaseto eachof thedifferent1-bit processorsof theCPU.



� Theoutputintegersproducedby a programneedto beunpackedsinceeachof their bits
hasto beinterpretedastheoutputfor a differentfitnesscase.

In the Appendixwe provide a simpleC implementationof this ideawhich demonstrates
thechangesnecessaryto do sub-machine-codeGP whensolving the even-5andeven-10
parityproblems.

In practicaltermsthisevaluationstrategy meansthatall thefitnesscasesassociatedwith
theproblemof inducinga Booleanfunctionof � argumentscanbeevaluatedwith a single
programexecutionfor �
��� on32bit machines,and ����� on64bit machines.Sincethis
canbedonewith any programminglanguage,this techniquecouldleadto speedupsof up
to 1.5or 1.8ordersof magnitude.

Becauseof theoverheadsassociatedto thepackingof thebits to beassignedto theinput
variablesandtheunpackingof theresultthespeedupfactorsachievedin practiceareto be
expectedto beslightly lower than32 or 64. However, theseoverheadscanbevery small.
For example,it is possibleto pre-packthevaluesfor theinput variablesandstorethemin
a table(this hasbeendoneonly in part in the codein the Appendix). If alsothe targets
areprecomputed(we did not do that in our implementation),in many problemsthe only
computationrequiredwith the outputreturnedby a programwould be the calculationof
theHammingdistancebetweentwo integers.

The implementation in the Appendix (with a slightly different main func-
tion) was used to perform an evaluation of the overheadsin sub-machine-code
GP. We ran our tests on an Sun Ultra-10 300MHz workstation using a 32-
bit compiler. In the tests we first evaluate 1,000,000 times the 20-node pro-
gram (NOT (XOR (X1 (XOR (X2 (XOR (X3 (XOR (X4 (XOR X5 (XOR X6
(XOR X7 (XOR X8 (XOR X9 X10))....))) using the even-10parity function
which involves1024 test cases.This required134 secondsof CPU time. Runningthe
one-nodeprogramx1 required38 seconds.Thedifferencebetweenthe two, 96 seconds,
indicatesthatour implementationis ableto evaluate

������������ ���  !#"%$'&)(
� �+*,�+���-*.���+�� ���  &0/,1,2 3'1,465 ".!'(
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primitivesper second. However, thereare38 secondsof overheads(evaluatingthe tar-
get,unpacking,etc.),which reducetheactualnumberof primitivespersecondto around
4,800,000(i.e.

�:� � ��*,�+���K*,���+� � �L�8�+�:9M=N>?���.=M�#>�9
). So,ratherthana 32-foldspeedup we

obtainaspeedupof approximately24timesfor programsof 20nodes.However, thespeed
upis betterfor longerprograms.For example,for aprogramincluding200nodestheactual
numberof primitivespersecondis around6,100,000with a31-foldspeedup.To matchthis
with standardGPonewouldhaveto find acomputercapableof evaluatingaround190mil-
lion primitivespersecond(in C): notaneasytask.For largerprogramsthespeedupcanbe
evenbetter. For 64 bit machinestheseperformancefigurescanbesubstantiallyimproved.
Indeedwe foundspeedupsexceeding60-fold.



In a typical runof ourC implementationof sub-machine-codeGPon theeven-10parity
problem,a DEC Alpha 500 workstationwith a 400MHz 64-bit CPU canevolve a pop-
ulation of 1000individualsfor 100 generationsin 140.6seconds.The numberof nodes
evaluatedby thesystemin this time is morethan1.2billion (

�8��O
) which is approximately

8,600,000nodespersecond.Thisfigureneedsto bemultipliedby 64 to obtainthenumber
of primitivespersecond.Theresultis above 550millions, which is biggerthantheclock
speedof themachine(400MHz).Sub-machine-codeGPexecutes1.3operationsperclock
tick. Sincethis is morethanany otherGPimplementation(whereat mostoneinstruction
perclocktick is executed),theclaimthaton64-bitmachinesourGPimplementationis the
fastestin theworld wouldseemjustifiable.

Togetherwith othernew techniques,sub-machine-codeGPhasallowedusto solvevery
high-orderparityproblemswithoutADFs(manuscriptin preparation).

Finally, it shouldbenotedthatthetechniquedescribedin this sectionandthoseusedin
theprevioussectioncanbecombined.For example,if for aparticularproblemonly asmall
numberof 1-bit processorsis necessary, it is thenpossibleto evaluatemultiplefitnesscases
of thesameproblemusingtheremainingprocessors.

13.6 Conclusions

In this chapterwe have presenteda GP techniquewhich exploits the internalparallelism
of CPUs,either to evolve efficient programswhich solve multiple problemsin parallel,
or to computemultiple fitnesscasesin parallelduring a singleexecutionof a program.
We call this form of geneticprogrammingsub-machine-codeGP. We have demonstrated
remarkablespeedupsandpresentedexampleswherewe have evolved parallelprograms
whichcanbeexecuteddirectlyandefficiently onstandardcomputerhardware.

Sub-machine-codeGPhasaconsiderablepotentialwhichwewill continueto explorein
futureresearch.Oneparticularlyinterestingissueis whetherit is possibleto usethis form
of GPto solveefficiently alsoproblemswhichrequireprimitiveswith sideeffects.Another
issueis to seeon which classesof problemsthebiasimposedby theSIMD natureof the
CPUis nota limit but anadvantagefor sub-machine-codeGP.

Thepotentialof sub-machine-codeGPis realandalreadyavailable.Thisisdemonstrated
by the 24- to 60-fold speedupsit canachieve in Booleanclassificationproblemswithout
requiringany significantchangeto theGPsystemusedandindependentlyof thelanguage
it is implementedin. On a 64-bit machine,with this techniqueGP is ableto evaluate64
fitnesscaseswith a singleprogramevaluation. This meansthat the fitnessfunction for
a problemlike the even-10parity problem,which hasnever beensolved with standard
GP without ADFs or recursion,now hasaboutthe samecomputationload asthe fitness
functionof aneven-4parityproblem.

On Booleanclassificationproblems,the speedupachieved by sub-machine-codeGP
makesour 64-bit C implementationof the fastestGP systemin the world. If we believe



Moore’s law (which predictsa doublingin speedof computersevery 1.5years),thespeed
up obtainedis equivalentto theonewe shouldexpectto obtainin approximately10 years
usingstandardGP.

13.A Appendix: Implementation

This appendixdescribesa simpleC programwhich illustratesthe ideasbehindthe fast
parallel evaluationof fitnesscaseswith sub-machine-codeGP. The codehasbeenonly
partlyoptimised.No optimisationhasbeenperformedin thepackingof programinputs,in
thetargetoutputdetermination,andin thecomparisonbetweenactualandtargetoutput.

13.A.1 Description

Theprogramincludesthefollowing functions:

run() is a simple interpretercapableof handling variablesand a small numberof
Booleanfunctions. The interpreterexecutesthe programstoredin prefix notationas a
vectorof bytesin theglobalvariableprogram . Theinterpreterreturnsanunsignedlong
integerwhich is usedfor fitnessevaluation.

e5parity() computesthetargetoutputin theeven-5parity problemfor a groupof 32
fitnesscases.

e10parity() doesthesamebut in theeven-10parityproblem.

even5 fitness function( char *Prog ) given a vector of charactersrepre-
sentinga program,executesit andreturnsthenumberof entriesof theeven-5parity truth
tablecorrectlypredictedby theprogram.

even10 fitness function( char *Prog ) doesthesamefor theeven-10par-
ity problem.In this casetheprogramis executed32 times(insteadof 1024),onceof each
iterationsof thefive for loops.Theseloopsareusedto make theinterpreterevaluatethe
programon a differentpart of the truth tableof theeven-10parity function. This is why
thevariablesx1 to x5 initialisedin theloopstake thebinaryvalues000...000or 111...111
(i.e. FFFFFFFFin hexadecimal).

main() runs the even-5 parity fitness function on two programs:
a non-solution,(XOR X1 X2) , anda solution,(NOT (XOR (X1 (XOR (X2 (XOR
(X3 (XOR (X4 (X5)))))))))) . It thendoesthe samefor the even-10parity fit-
nessfunctionwith theprograms(XOR X1 X2) (anon-solution)and(NOT (XOR (X1
(XOR (X2 (XOR (X3 (XOR (X4 (XOR X5 (XOR X6 (XOR X7 (XOR X8
(XOR X9 X10)))))))))))))) (asolution).



13.A.2 Code

#include <stdio.h>

enum {X1, X2, X3, X4, X5, X6, X7, X8, X9, X10, NOT, AND, OR, XOR};

unsigned long x1, x2, x3, x4, x5, x6, x7, x8, x9, x10;
char *program;

unsigned long run() /* Interpreter */
{

switch ( *program++ )
{
case X1 : return( x1 );
case X2 : return( x2 );
case X3 : return( x3 );
case X4 : return( x4 );
case X5 : return( x5 );
case X6 : return( x6 );
case X7 : return( x7 );
case X8 : return( x8 );
case X9 : return( x9 );
case X10 : return( x10 );
case NOT : return( ˜run() ); /* Bitwise NOT */
case AND : return( run() & run() ); /* Bitwise AND */
case OR : return( run() | run() ); /* Bitwise OR */
case XOR : return( run() ˆ run() ); /* Bitwise XOR */
}

}

unsigned long e5parity() /* Bitwise Even-5 parity function */
{

return(˜(x1ˆx2ˆx3ˆx4ˆx5)); /* (NOT (XOR x1 (XOR x2 (XOR x3 (XOR x4 x5))))) */
}

int even5_fitness_function( char *Prog ) /* Even-5 parity fitness function */
{

char i;
int fit = 0;
unsigned long result, target, matches, filter;

x1 = 0x0000ffff; /* x1 = 00000000000000001111111111111111 */
x2 = 0x00ff00ff; /* x2 = 00000000111111110000000011111111 */
x3 = 0x0f0f0f0f; /* x3 = 00001111000011110000111100001111 */
x4 = 0x33333333; /* x4 = 00110011001100110011001100110011 */
x5 = 0xaaaaaaaa; /* x5 = 01010101010101010101010101010101 */

program = Prog;
result = run();

target = e5parity();
matches = ˜(result ˆ target); /* Find bits where TARGET= RESULT */
filter = 1;
for( i = 0; i < 32; i ++ ) /* Count bits set in MATCHES*/

{
if( matches & filter ) fit ++;
filter <<= 1;

}

return( fit );
}



unsigned long e10parity() /* Bitwise Even-10 parity function */
{

return(˜(x1ˆx2ˆx3ˆx4ˆx5ˆx6ˆx7ˆx8ˆx9ˆ x10));
}

int even10_fitness_function( char *Prog ) /* Even-10 parity fitness function */
{

char cx1, cx2, cx3, cx4, cx5, i;
int fit = 0;
unsigned long result, target, matches, filter;

for( cx1 = 0; cx1 < 2; cx1 ++ ) /* Set x1, ..., x5 to 000...000 and 111....111 */
{

x1 = cx1 ? 0 : 0xffffffff;
for( cx2 = 0; cx2 < 2; cx2 ++ )

{
x2 = cx2 ? 0 : 0xffffffff;
for( cx3 = 0; cx3 < 2; cx3 ++ )

{
x3 = cx3 ? 0 : 0xffffffff;
for( cx4 = 0; cx4 < 2; cx4 ++ )

{
x4 = cx4 ? 0 : 0xffffffff;
for( cx5 = 0; cx5 < 2; cx5 ++ )

{
x5 = cx5 ? 0 : 0xffffffff;
x6 = 0x0000ffff; /* x6 = 00000000000000001111111111111111 */
x7 = 0x00ff00ff; /* x7 = 00000000111111110000000011111111 */
x8 = 0x0f0f0f0f; /* x8 = 00001111000011110000111100001111 */
x9 = 0x33333333; /* x9 = 00110011001100110011001100110011 */
x10 = 0xaaaaaaaa; /* x10 = 01010101010101010101010101010101 */

program = Prog;
result = run();

target = e10parity();
matches = ˜(result ˆ target); /* Bits where TARGET= RESULT */
filter = 1;
for( i = 0; i < 32; i ++ ) /* Count bits set in MATCHES*/

{
if( matches & filter ) fit ++;
filter <<= 1;

}
}

}
}

}
}

return( fit );
}



void main()
{

/* Incorrect solution */
char s1[] = {XOR, X1, X2};

/* Even-5 parity solution */
char s2[] = {NOT, XOR, X1, XOR, X2, XOR, X3, XOR, X4, X5};

/* Even-10 parity solution */
char s3[] = {NOT, XOR, X1, XOR, X2, XOR, X3, XOR, X4, XOR, X5,

XOR, X6, XOR, X7, XOR, X8, XOR, X9, X10};

printf("Even-5 Problem\n"
"Testing (XOR X1 X2)\n"
"Score %d\n\n", even5_fitness_function( s1 ) );

printf("Even-5 Problem\n"
"Testing (NOT (XOR (X1 (XOR (X2 (XOR (X3 (XOR (X4 (X5))))))))))\n"
"Score %d\n\n", even5_fitness_function( s2 ) );

printf("Even-10 Problem\n"
"Testing (XOR X1 X2)\n"
"Score %d\n\n", even10_fitness_function( s1 ) );

printf("Even-10 Problem\n"
"Testing (NOT (XOR (X1 (XOR (X2 (XOR (X3 (XOR (X4 \n"
"(XOR X5 (XOR X6 (XOR X7 (XOR X8 (XOR X9 X10))))))))))))))\n"
"Score %d\n\n", even10_fitness_function( s3 ) );

}

/* This file is also available at:
ftp://ftp.cs.bham.ac.uk/pub/authors/R.Poli/code/smc _gp.c */
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