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CPUsareoftenseenassequentialhovever they have a high degreeof internalparallelism typically

operatingon 32 or 64 bits simultaneously This chapterexploresthe ideaof exploiting this internal
parallelismto extendthe scopeof geneticprogramming(GP) andimprove its efficieng. We call

the resultingform of GP sub-mahbine-codeGP. The differencesbetweensub-machine-cod&P

andthe usualform of GP arepurely semanticaandlargely languageéndependent,e. ary GP system
can potentially be usedto do sub-machineodeGPR In this chapterthis form of GP and someof

its applicationsare presentedThe speedup obtainedwith this techniqueon Booleanclassification
problemds nearly2 ordersof magnitude.

13.1 Introduction

GeneticProgrammingdGP)[Koza,1992;Koza,1994;Banzhafetal., 1999 is usuallyseen
asquite demandingrom the computationoad and memoryusepoint of view. So, over
theyearsa numberof ideason how to improve GP performancéiave beenproposedn the
literature.We recallthe mainspeedupgechniguegublishedo datein Section13.2.

Someof thesetechniquesrenow usedn mary GPimplementationsThanksto thisand
to the fact thatthe power of our workstationsis increasingexponentially(today’s CPUs
arenow morethan 10 timesfasterthanthoseusedin early GP work), nowvadayswe can
run 50 generations typical GP benchmarkproblemwith a populationof 500 individuals
in perhapgen secondon a normalworkstation. Nonethelessthe demandfor moreand
more efficient implementation$asnot stopped. This is becausextensie experimental
GP studies(like [Langdonand Poli, 199§ or [Luke and Spectoy 199§) and complex
applicationglike [Poli, 1996 or [Luke, 1994) may still requirefrom daysto monthsof
CPUtimeto complete.

Most computerusersconsiderthe machineson their desksas sequentialcomputers.
However, at a lower level of abstractiorCPUsarereally madeup of parallelcomponents.
In this sense¢he CPU canbe seemasa SinglelnstructionMultiple Data(SIMD) processor
In this chaptemwe present novel way of doingGP which exploits this form of parallelism
to improve the efficiency andthe rangeof applicationsof geneticprogramming.We term
thisform of GP sub-mabine-codeGP.

Sub-machine-cod&P which extendsthe scopeof GP to the evolution of parallel pro-
gramsrunningon sequentiacomputes. Theseprogramsarefasteras,thanksto the paral-
lelism of the CPU, they performmultiple calculationsduring a singleprogramevaluation.
Sincetheseprogramsnaybevery difficult to find for humanprogrammerandarecertainly
beyondthe scopeof currentoptimisingcompilers this is animportantnew extension.



In addition,in somedomains sub-machine-cod&P canbe usedto speedup theevalua-
tion of sequentiandparallelprogramsrery effectively. In thechaptemwe shov thatnearly
2 ordersof magnitudespeedupsanbeachiezedby ary standardsPsystemjndependently
of theimplementatiodanguageised with minimal changes.

The chapteris organisedasfollows. After describingearlierwork on speedup tech-
niquesfor GP (Section13.2),in Section13.3we startexploring theideaof usingmodern
CPUsattheirvery lowestlevel of computationaftesolutionto do geneticprogrammingln
Sectionl3.4we describeapplication®f sub-machine-cod8Pto problemswvheredifferent
component®f the CPU performdifferentcalculationsconcurrently We illustratehow to
achieve substantiabpeedupén the evaluationof sequentiaprogramsusingsub-machine-
codeGPin Section13.5. We give someindicationsof possibleextensionf thisideaand
we draw conclusionsn Section13.6.

13.2 Background

JohnKozas first book [Koza, 1997 includeda numberof tricks to speedup his Lisp GP
implementation.However, soonpeoplestartedtrying to go beyond the inefficienciesof
the Lisp languageandsomeGP implementationsn C andC++ appearedseefor exam-
ple [Singleton,1994). Thesecanbe severaltimesfasterthanthe equivalentLisp imple-
mentationsSo,they spreadrery quickly in thecommunityandnowadaysmary researchers
usesomesortof C or C++GPsystem.To go beyondthespeedumprovidedby thelanguage,
somedrasticchangesrerequired.

Somespeedup techniquegely on a betterrepresentatiorfior the treesin the popula-
tion. An exampleis theidea, firstly proposedcby Handley [Handlegy, 1994, of storingthe
populationof treesasa singledirectedacgyclic graph,ratherthanasa forestof trees.This
leadsto considerablsavingsof memory(structurallyidenticalsubtreesrenotduplicated)
andcomputatiorn(the valuecomputeddy eachsubtredor eachfithesscasecanbe cached).
Anotherideais to evolve graph-like programsratherthantreelik e ones.For example the
grid-basedepresentationsedin Parallel DistributedGeneticProgrammingdPDGP)[Poli,
1997 hasbeenusedto evolve very efficient graph-like programs.in PDGPthe speedup
derivesfrom thefactthat, on problemswith a high degreeof regularity, partialresultscan
bereusedy multiple partsof a programwithout having 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
etal., 1999 a genomecompilerhasbeenproposedwvhich transformsstandardGP trees
into machinecode before evaluation. The possibilitiesoffered by the Java virtual ma-
chine are also currently being explored [Klahold et al., 1998; Lukschandlet al., 1998a;
Lukschandlet al., 19984. Well before theserecentefforts, since programsare ulti-



mately executedby the CPU, other researcherproposedremoving completelythe in-
efficiengy in programexecutioninherentin interpretingtreesand directly evolve pro-
gramsin machinecodeform [Nordin, 1994; Nordin and Banzhaf,1995; Nordin, 1997;
Nordin, 1999. This ideahasrecentlyled to a commercialGP systemcalled Discipulus
(RegisterMachineLearningTechnologiesinc.) which is claimedto be at leastoneorder
of magnitudeasterthanary GP systembasedn higherlevel languages.

Sincethe evaluationof thefithessof programsofteninvolvestheir executionon mary
differentfithnesscasessomeresearcherbave proposedspeedingup fithessevaluationby
reducingthe numberof fithesscases. For example,this canbe doneby identifying the
hardestfithesscasesfor a populationin one generationand evaluatingthe programsin
the following generatioronly using suchfitnesscased Gathercoleand Ross,1997. Al-
ternatiely, the evaluationof fithesscasescanbe stoppedassoonasthe destiry of a par
ticular program(e.g. whetherthe programwill be selectedo be a parentor not and, if
so, haw mary times)is known with a big enoughprobability [Teller and Andre, 1997;
Langdon,1994. A relatedideais to reducethe computatioload associatedvith program
executionby avoiding the re-evaluationof partsof programs.This canbe done,for exam-
ple, by cachingtheresultsproducedoy ADFs thefirst time they arerun with a certainset
of agumentsandusingthe storedresultsthereaftefLangdon,1994.

Finally, someresearcthasbeendevotedto parallelanddistributedimplementation®f
GP (seefor example[AndreandKoza,1996;Stoffel andSpector1996;Juille andPollack,
1996;Sian,1999). Theseareusuallybasedntheideaof distributing a populationacross
multiple machineswith someform of communicatiorbetweenthemto exchangeuseful
geneticmaterial. A similar, but morebasic,speedup techniquds to performindependent
multiple runsof a sameproblemon differentmachines.t shouldbe notedthatin a sense
thesearenot really speedup techniquessincethe amountof CPU time perindividual is
notaffectedby them'!

13.3 Sub-machine-code GP

As indicatedin theintroductionCPUscanbe seerasmadeup of asetof interactingSIMD

1-bitprocessorsin aCPUsomeinstructionssuchasall Booleanoperationsareperformed
in parallelandindependentlyor all thebitsin theoperandsFor example thebitwise AND

operation(seeFigure13.1(a))is performednternally by the CPU by concurrentlyactivat-
ing a groupof AND gateswithin the arithmeticlogic unit asindicatedin Figure13.1(b).
In otherinstructionsthe CPU 1-bit processorganbe imaginedto interactthroughcom-
municationchannels.For example,in a shift left operationeachprocessowill senddata

LIt hasbeenreportedn [AndreandKoza,1996 thatthe useof subpopulationsnda network of transputers
delivereda superlinear speed-ugn termsof the ability of the algorithmto solve a problem. So, the amount
of CPUtime perindividual wasreduced.This happenedecauseartitioningthe populationwas beneficialfor
the particularproblembeingsolved. The samebenefitscould be obtainedby evolving multiple communicating
populationson a singlecomputer



to its left neighbourwhile in anaddoperationsomel-bit processorsvill senda carry bit
to oneof their neighbouringprocessorsOtheroperationsnightinvolve morecomplicated
patternsof communication.

Someoperationg(like Booleanoperationsor shifts) can be imaginedto be executed
synchronouslyy all 1-bit processorsatthesametime. Others like addition,requiresome
differentform of synchronisatiotfe.g.in someCPUscarrybits areonly availableafterthe
correspondind.-bit processorsiave performedtheir bit-addition). Nonethelessasfar as
theuserof a CPUis concernedhe CPU 1-bit processorsun in parallel,sincetheresults
of the operatiorof all processorbecomeavailableatthe sametime.

If we seethe CPU asa SIMD computey thenwe could imaginethat eachof its 1-bit
processorsvill beableto producearesultaftereachinstruction.Most CPUsdo not allow
handlingsinglebitsdirectly. Insteadall thevaluesto beloadednto the CPUandtheresults
producedby the CPU are pacled into bit vectors,which are normally interpretedas as
integersin mostprogrammindanguages. For example,in mary programminganguages
the userwill seea bitwise AND operationasa function which receivestwo integersand
returnsaninteger, asindicatedin Figure13.1(c).

All this powerful parallelisminsideour CPUshasbeenignoredby the GPcommunityso
far, perhapdecausenary of usarenot usedto think in termof bits, nibbles,carries,reg-
isters,etc. For example to the bestof our knowledge,in everyimplementatioroperations
like the logical AND shown in Figure 13.2(a)are executedsequentially This exercises
only oneof the 1-bit processorsvithin the CPUasindicatedin Figure13.2(b).

The simplestwaysto exploit the CPU’s parallelismto do GPis to make it executethe
sameprogramon differentdatain parallelandindependently This canbe doneasfol-
lows:

e Thefunctionsetshouldincludeoperationsvhich exploit the parallelismof the CPU, e.g.
bitwise Booleanoperations.

e Theterminalsetshouldincludeintegerinput variablesand constantsywhich shouldbe
interpretedasbit vectorswhereeachbit representshe input to a different1-bit processor
For example theintegerconstan®1, whosebinaryrepresentatiois 00010101(assuming
an8-bit CPU),wouldbeseeasl by the 1-bit processorprocessingits 1, 3 and5. It would
beseenasO by all other1-bit processors.

e Theresultproducedy the evaluationof a programshouldbeinterpretedasa bit vector,
too. Eachbit of this vectorrepresentshe resultof a different1-bit processorE.g. if the
outputof a GP programis the integer 13, this shouldbe corvertedinto binary (obtaining
00001101 randdecomposetb obtain8 binaryresults(assumingan 8-bit CPU).

20ftenbit vectorsof differentsizesareallowed (e.g.bytes,words,doublewords),but this is irrelevant for the
presentiscussion.
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Threedifferentways of looking at a bitwise AND operationas performedby a 16-bit CPU: (a) bitwise AND
betweenbinary numbers(b) implementatiorof the operationin (a) within the CPU, and (c) the samebitwise
AND asseerby a CPU's userasanoperatiorbetweerintegers.
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Figure13.2
A logical AND (a), andits equivalentusingAND gated(b).

To exploit the parallelismof the CPUIt is notnecessaryo manipulatemachinecodedi-
rectly. In fact,mosthigh level languageincludesomeoperationsvhich thecompilercon-
vertsdirectly into the correspondingnachinecodeoperations E.g. integer arithmeticop-
erationg(multiplication,addition,subtractiondivision), bitwiselogical operation§AND,
OR, NQOT), bit shift and rotateoperations. By usingsuchhigh level instructionsin the
functionsetof GR it is possibleto exploit the parallelnatureof the CPUin mosthighlevel
languages Sincethe otherdifferencesw.r.t. the usualform of GP arerelatedonly to the
interpretatiorof theinputsandoutputsof eachprogram,any GP systentanpotentiallybe
usedto do sub-mabinecodeGP.

An ideal applicationfor this paradigmis to evaluatemultiple fithesscasesn parallel.
Booleaninductionproblemdend themselesto this useof sub-machine-cod&P, leading
to 1.5to 1.8 ordersof magnitudespeedups¢for 32 and64 bit machinesrespectiely). We
describehisin detailin Section13.5.

More complex applicationsof this ideacanbe ervisagedin which the CPU 1-bit pro-
cessorsalthoughexecutingthe sameprogram,canstill performdifferentcomputations.
Obviously, this could be doneby re-wiring a CPU so asto do somethingt hasnot being
designedo do (exceptwhenthe CPU’s microcodeis storedin rewritable memory which
is not the casefor the CPUsin standardvorkstations).However, it is possibleto do it by
passingdifferentdatato differentprocessorshus makingthembehae differently This
canbedoneeitherby feedingdifferentdatain thevariousbits of theinput variablespr by
usingconstantsvith differentbits set. For example,let us considera 2-bit CPUwhichis
computinga bitwise XOR betweeravariablex andaconstant = 2 (whichisthebinary
10), andsupposehatx is either0 (binary 00) or 3 (binary 11). In theseconditions,the
first 1-bit processomwill perform(XOR x 1) andwill thereforereturnthe negation of
the correspondingpit in x, i.e. it will computethe function(NOT x) . The secondl-bit
processowill insteadcompute(XOR x 0) andsowill simply copy the corresponding
bitin x, i.e.it will computetheidentity function.



13.4 Examples

In this sectionwe will describea few sampleapplicationsof sub-machine-cod&PR. The
runsdescribedn the sectionwere performedwith our own GP implementationn Pop-
11. Theresultspresentedn Section13.5wereinsteadobtainedwith a C implementation.
Reimplementingheseexampleswithin GP systemswrittenin otherlanguagess trivial.

13.4.1 1-bit and 2-bit Adder Problems

Letusconsidetheproblemof evolving a 1-bitaddemprogrambasednBooleanoperations.
Theadderhastwo inputsa andb andtwo outputssum andcarry . Thetruthtablefor the
adderis:

a b sum carry
0 O 0 0
1 0 1 0
0 1 1 0
1 1 0 1

Eachrow in thistablecanbeusedasafitnesscase.

This problemwould be extremelyeasyto solve by handif one could usetwo separate
prograntreeso expresghesolution.In thatcaset would besufficientto use(XOR a b)
to computesum and(AND a b) to computecarry . However, by exploiting the paral-
lelismin the CPUIt is possibleto performbothcomputationst the sametime. This could
be doneby slicing the outputof a single programinto its componenbits andinterpreting
oneof themassum andoneascarry . Of courseto do this it would be necessaryo
includein theprogramsomeappropriateonstantsvhich would excite differentlydifferent
parallelcomponentsf the CPU.

Thisversionof theproblemis muchharderto solve for humansput canbeeasilysolved
by evolution usingsub-machine-cod&P. To do thatandto keepthe examplesimplewe
decidedto useonly the bit-0 and bit-1 processorsvithin the CPU sincethereare only
two outputsin this problem. The functionsetwas{AND, OR, NOT, XOR, whereall
functionswhereimplementedusing bitwise operationn integers. The terminalsetwas
{x1, x2, 1, 2}. Theconstantsl and2 whereselectedsincethey have the binary
representatiof1 and10 which allows GPto modify selectvely the behaiour of different
partsof the programfor different1-bit processors.

For eachof thefour fitnesscasesthevariablex1 tookthevalue3 (which correspondso
thebinarynumberl1) whenthe correspondingntryin columna of thetruth tableabove
was1, thevalueO (i.e. the binary number00) otherwise. Likewise, x2 took the value3
whenb was 1, 0 otherwise. This wasdoneto provide the sameinputsboth to the bit-0
processoandto the bit-1 processopf the CPU.



Eachprogramin the populationwasrun with eachof the four possiblesettingsfor the
variablesxl andx2. Thetwo leastsignificantbits of the integer producedasoutputin
eachfitnesscasewere comparedwith the tamgetvaluesfor sum andcarry indicatedin
the previoustable. The fitnessfunction wasthe sumof the numberof matchesetween
suchbits, i.e. a perfectprogramhada fitnessof 8, 4 for sumand4 for carry .

Exceptfor the fitnessfunction, no changeof our standard-GRystemwas necessary
to run sub-machine-cod&PR As far as GP was concernedt was solving, using bitwise
primitives,a symbolicregressiorproblemwith fithesscases:

x1 x2 target

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

ratherthanthe 1-bit adderproblem. Underthis interpretationjn the fithessfunction the
programoutputsandthe target outputswere comparedo producea fithessmeasuren a
way quite unusualfor symbolicregressionproblems. For example,if in onefitnesscase
the programoutputwas?2 (binary 10) andthe targetwas1 (01) thatgave a contribution of

0 to thetotal fitness,while if the programoutputwas3 (11) the fitnesscontrikution of the
fithesscasewas1!

In our runs we useda populationof 1000 individuals, up to 100 generationsstan-
dardsubtreecrosseer (with uniform probability of selectionof the crosseer points)with
crossw@er probability 0.7, no mutationand tournamentelectionwith tournamensize 7.
Therandominitialisationof the populationwasperformedsoasto obtaina uniformdistri-
bution of programsizesbetweenl and50 nodes.

Figure 13.3(a)shaws a solutionto this problemdiscoseredby GP at generatior of a
run. As far asthebit-0 processoof the CPU (the onewhich computesum) is concerned
this programis equivalentto the oneshownn on the left of Figure13.3(b). This versionof
the programhasbeenobtainedby replacingthe constantsn Figure 13.3(a)with the LSB
of their binaryrepresentatiofi.e. 1 (binary01) is replacedwith 1 and2 (binary 10) with
0). As shavn on theright of the samefigure,asexpectecdthis programis equivalentto the
XOR function. Figure13.3(c)shaws the programasseenby the bit-1 processofthe one
which computesarry ), whichis equivalentto the AND function.

In anotherun we solvedalsothetwo-bit adder(without carry) problemwhich requires
theuseof fourinputvariablesx1, x2 whichrepresentheleastsignificantbit andthemost
significantbit of the first operand respectiely, andx3 andx4 to representhe second
operand. All the other parameteravere the sameasin the 1-bit adderproblemexcept
thatwe includedalsothe constant®) and3 in the terminalsetandthatthe outputbits are
interpretedassuml andsum2 ratherthansum andcarry . Figure13.4shavs a solution
foundby sub-machine-codéP atgeneratioril.
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(a) Programevolved usingsub-machine-codéPto solve the 1-bit adderproblem,(b) the sameprogramasseen
by thebit-0 processowithin the CPU(in thick line) andsomeof its simplerequivalents(in thin line), and(c) the
correspondingrogramexecutedby thebit-1 processoandits simplifications.
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Figure134
Programevolved usingsub-machine-codéPto solve the 2-bit addemproblemwithout carry

By slightly modifying the setupof theexperimentslescribedibose we werealsoableto
evolve a solutionto the two-bit adderproblemwherethe carrybit is alsocomputed.This
problemhasthreeoutputbits andso requiresusingthree1-bit processorsSo, the inputs
variablesx1, x2, x3 andx4 (which have the samemeaningasin the previousparagraph)
tookthevaluesO and7 (i.e. binary111)dependingpnwhetherthe correspondindpit of the
2-bit addertruth tablewasO or 1. Theconstant®, 1, 2, 3,4, 5, 6 and7 wereincludedin
theterminalset. The fitnessfunctionwasthe sum(over all the 16 possiblecombinations
of inputs)of thenumberof matchedetweertheactualoutputof eachprogram(i.e. sum1,
sum2 andcarry ) andthedesiredoutput(maximumscore48) decreasethy 0.001times
thenumberof nodesin a program.This wasdoneto promoteparsimoniousolutions.All
the otherparametersvereasin the previous experiments.A solutionto this problemwas
found by GP at generatior27 of a run. The solutionincluded80 nodes.By allowing the
runto continue by generatior69 GP hadsimplified this solutionsdown to 29 nodes.The
simplifiedsolutionis showvn in Figure13.5.

13.4.2 Character Recognition Problem

In the adderproblemsthe 1-bit processorsisedto performthe taskdid not communicate
in any way. However, in someproblems]ik e the characterecognitionproblemdescribed
below, addingsomeform of communicatiorbetweerprocessorsanbe useful.



Figure135
Programevolved usingsub-machine-cod@&Pto solve the 2-bit addemroblemwith carry

The characterecognitionproblemwe consideredo illustrate this ideaincludedonly
threeinputpattersanA, aB andaC, representelly the5 x 5 bitmapsshovnin Figurel3.6.
Theblacksquaresepresent’s andwhite onesrepresen@’s of the correspondindpit map
(the additionalrole of the squareswvith gray bordersis explainedbelon). Eachcharacter
representednefitnesscase.The objective wasto evolve a programcapableof identifying
thethreecharacters.

Each characterin Figure 13.6 was representeddy 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=001000101010001111110001, B=111101000111101000111110 and
C=011101000110m01000101110. Sowe decidedo use25 1-bit processorsTheterminal
setincludedonly onevariable,x, andrandominteger constantdetweern0 and33554431
(which correspondgo the binary number111111111111111111111111). The variable
X takesthevalues4540401320456300r 15254062vhich arethe decimalequivalentsof
the bit-stringsrepresentinghe character#\, B andC, respectiely. In orderto determine
which charactewaspresentn inputwe designatedhebit-11, bit-12 andbit-13 processors
asresultreturningprocessoréi.e. all thebits of theintegerresultingfrom the evaluationof
eachprogramwereignoredexceptbits 11,12 and13). Whenan A waspresentedh input,
the tamget outputwasthe pattern100. Whena B was presentedhe targetwas010. The
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Figure13.6
A, B andC bitmapsusedin thecharacterecognitionproblem.

targetwas001whenC wastheinput. Thefitnessfunctionwasthesum(overthe 3 possible
inputs,A, B andC) of the numberof matchedbetweenthe actualoutputandthe desired
outputfor bits 11,12, and13 (maximumscore9) decreasetly 0.001timesthe numberof
nodesn aprogram.

Bits 11, 12 and 13 were chosenasoutputssincethe characterg\ andC cannotbe dif-
ferentiatedust by looking at bits 11, 12 and13 of their binaryrepresentationasit canbe
easilyinferredby comparingthe patternan the squaresvith graybordersin Figure13.6.
Thereforethis problemcouldnotbesolvedwithoutallowing someform of communication
betweernprocessorsTo keepthingsassimpleaspossiblewe decidedto try usingsimple
bit shift operationgo startwith. So,we usedthefunctionset{NOT, OR, AND, XOR,
SL, SR}, whereSR(SL) is anarity-1 function which performsa 1-bit shift to the right
(left) of thebit patternrepresentingts integerargument.

Expectingthis problemto be muchharderthanthe previous oneswe useda population
of 10,000individualsin our runs. The otherparametersvhereasin the 2-bit adderwith
carryproblem.However, the problemwasin factquite easyto solve: a solutionwasfound
atgeneratiorD of eachof thefive runswe performed.n onerunthegeneration-Golution
included31 nodeshut by allowing therunto continuefor 7 moregenerationsve obtained
thesimplified8-nodesolutionshovn in Figure13.7.

This solutionis quite clever. It usescommunicationto createtwo modified (shifted)
versionsof theinput bit pattern.In thefirst versionthe character® andC canbe differ-
entiatedfrom A by looking at bits 11, 12 and 13. In the secondversionA andC canbe
differentiatedrom B. Thenby combiningsuchmodifiedbit patterswith an XOR notonly
thethreecharactersanbe properlydifferentiatedput thedesiredencodingor theresultis
alsoachieved. The stepsperformedby the programwhenA, B or C arepresentedh input
areshavnin Table13.1.

Theonly changesecessario solve this problemwith our GPimplementatiorin Pop-11
werewithin thefitnessfunction. To clarify how little effort theserequiredwe reportin Fig-
ure 13.8theactualimplementatiorof thefitnessfunctionusedin the characterecognition
experiments.



Figure13.7
Programevolved usingsub-machine-cod@&Pto solve the characterecognitionproblem.

13.4.3 Discussion

Theevolution of the programadescribedn theprevioussubsectiongvasvery quick except
for the 2-bit adderwith carry, which wassolvedonly in 2 runsout of 10. At this stagewe
cannotsaywhetherevolving oneprogramthatdoesmorethanonejob usingsub-machine-
codeGPalwaysrequiredesseffort thanevolving separat@rogramsn independentuns. It
is entirelypossiblethatthe constraintsmposedoy the SIMD natureof the CPUwill make
the searchharderwhenone wantsto useseveral 1-bit processorso do totally unrelated
tasks. In this case,it would be possiblethat the advantagein termsof evaluationtime
offeredby sub-machine-cod&P programswould be outweighedoy anincreasediumber
of evaluationgrequiredto solve the problem.

Giventhe relative difficulty with which the 2-bit adderwith carry was solved, we ex-
pectedthatthis would happenn the characterecognitionproblemwherewe used25 pro-
cessorsHowever, evolution seemedo be greatlyfacilitatedby therepresentatioadopted.
So,clearlytherearedomainswvheresub-machine-cod@&P canexploit the CPUparallelism
fully. Evenif therearecasesvherefinding a parallelprogramwith sub-machine-codéP
is hard,if oneis ableto find onesuchprogramthenexecutionof it will presumablystill
be muchfasterthanif usingmultiple standardsequentiaprograms.This advantagemay



Table13.1
Stepsn theexecutionof theprogramin Figure13.7. Thebitsreadastheoutputof theprogramareshavn in bold.

Input pattern
Subepression A B C
X 00100 11110 01110

01010 10001 10001
10001 11110 10000
11111 10001 10001
10001 11110 01110

(SL(SL (SLx))) 00010 10100 10100
10100 01111 01100
01111 10100 00100
11100 01111 01011
01000 10000 10000

(NOT (SL (SL (SLx)))) 11101 01011 01011
01011 10000 10011
10000 01011 11011
00011 10000 10100
10111 01111 01111

(SRx) 00010 01111 00111
00101 01000 01000
01000 11111 11000
11111 01000 01000
11000 11111 10111

(XOR (NOT (SL (SL (SL X)))) (SRX)) 11111 00100 01100
01110 11000 11011
11000 10100 00011
11100 11000 11100
01111 10000 11000

becomeprevalentover the searcheffort, whenever the programsare usedin applications
wherethey arerun repeatedhyandfrequentlyfor anextendedperiodof time.

CPUsarenotthe only computationatievicesavailablewithin modernworkstations For
example,deviceslik e graphicacceleratorsanalsoperformcertainforms of computation
in parallelon hugequantitiesof datavery efficiently. For example,mostgraphiccardsare
ableto shift andto performbitwise operationson large portionsof their videomemoryin
microsecondsisingspecialisedyery high speedorocessorsGoodgraphicslibrarieswill
exploit suchoperations.Sub-machine-cod&P could be run on a video card, ratherthan
on the CPU,with minimumeffort (perhaponedaywe will evenhave sub-machine-code
GPscreersavers!). SomeCPUsalsoincludesimilar specialisedigh-throughpugraphics
operationglike the MMX extensionson Pentiumprocessorsjvhich could be exploitedto
doGP



define  char_rec_fitness_function( prog );

vars match_count = 0, target, output, X, i;
fast_for X, target in_vectorclass i This FORloop binds X and
;v TARGET simultaneously
{2:0010001010100011111110001 i Inputs A, B, C

2:1111010001111101000111110 "
2:0111010001100001000101110},

(22XXXX = XXXXin base 2)

{2:0000000000010000000000000 ;. Desired outputs for A, B, C
2:0000000000001000000000000 s (all bits ignored except 11,
2:0000000000000100000000000};;; 12 and 13)
do
eval( prog ) -> output; ;i 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-1limplementatiorof the characterecognitionproblemfitnessfunction.

13.5 Fast Parallel Evaluation of Fitness Cases

Asindicatedn theprevioussectionssub-machine-cod@P offersmary advantagesHow-
ever, giventhe SIMD natureof the CPU, it might also requirean increasechumberof
evaluationgo solve problemswherethe 1-bit processorsf a CPU arerequiredto perform
unrelatedasksin parallel. Theseadditionalsearchcostsdisappeawhenusingthe CPU
processor$o do exactly the sametaskbut on differentinput data.

Onesuchcasess the useof sub-machine-cod&P to evaluatemultiple fithesscasesn
parallel. This canbe donevery easilyin Booleanclassificationproblems. The approach
useds asimplemodificationof theapproachusedin theexamplesn theprevioussections.
The only differenceswith respecto standardsP are:independentlyThis canbe doneas
follows:

e Bitwise Booleanfunctionsareused.

e Before eachprogramexecutionthe input variablesneedto initialised so asto passa
differentfitnesscaseto eachof the different1-bit processorsf the CPU.



e Theoutputintegersproducedy a programneedto be unpaclkedsinceeachof their bits
hasto beinterpretecasthe outputfor a differentfitnesscase.

In the Appendixwe provide a simple C implementatiorof this ideawhich demonstrates
the changesiecessaryo do sub-machine-cod&P whensolving the even-5andeven-10
parity problems.

In practicaltermsthis evaluationstratgyy meanghatall thefithesscasesassociatedvith
the problemof inducinga Booleanfunctionof n agumentsanbe evaluatedwith a single
programexecutionfor n. < 5 on 32 bit machinesandn < 6 on64 bit machinesSincethis
canbedonewith any programmindanguagethis techniquecouldleadto speedupsf up
to 1.50r 1.8 ordersof magnitude.

Becausef theoverheadsssociatetb the packingof thebitsto beassignedo theinput
variablesandthe unpackingof theresultthe speedugactorsachiezedin practiceareto be
expectedto be slightly lower than32 or 64. However, theseoverheadsanbe very small.
For example,it is possibleto pre-packthe valuesfor the input variablesandstorethemin
a table (this hasbeendoneonly in partin the codein the Appendix). If alsothe targets
areprecomputedwe did not do thatin our implementation)jn mary problemsthe only
computatiorrequiredwith the outputreturnedby a programwould be the calculationof
theHammingdistancebetweerntwo 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 involves 1024 test cases. This required134 secondf CPU time. Runningthe
one-nodeprogramx1 required38 seconds.The differencebetweerthe two, 96 seconds,
indicateghatourimplementations ableto evaluate

(20—-1) x1,000,000x ( 1024 / 32 )/ 96 =6,300,000
— g ~—~ ~~
nodes evaluations fitness cases CPU bits CPU time

primitives per second. However, thereare 38 secondf overheadgevaluatingthe tar
get, unpacking.etc.), which reducethe actualnumberof primitivesper secondo around
4,800,00(Q(i.e.20 x 1,000,000 x (1024/32)/134). So,ratherthana 32-fold speedup we
obtainaspeedup of approximatel24 timesfor programsf 20 nodes.However, thespeed
upis betterfor longerprogramsFor example for aprogramincluding200nodegheactual
numberof primitivesperseconds arounds,100,000vith a 31-fold speedupTo matchthis
with standardsP onewould haveto find acomputeicapableof evaluatingaround190mil-
lion primitivespersecondin C): notaneasytask.For largerprogramghespeediup canbe
evenbetter For 64 bit machinegheseperformancdigurescanbe substantiallyimproved.
Indeedwe foundspeedupsxceedings0-fold.



In atypical run of our C implementatiorof sub-machine-cod&P on the even-10parity
problem,a DEC Alpha 500 workstationwith a 400MHz 64-bit CPU can evolve a pop-
ulation of 1000individualsfor 100 generationsn 140.6seconds.The numberof nodes
evaluatedby the systemin thistime is morethan1.2 billion (10°) whichis approximately
8,600,00thodespersecond.Thisfigureneedgo bemultiplied by 64 to obtainthe number
of primitivespersecond.Theresultis abose 550 millions, which is biggerthanthe clock
speedf the maching(400MHz). Sub-machine-cod&P executesl.3 operationgerclock
tick. Sincethisis morethanary otherGPimplementationwhereat mostoneinstruction
perclocktick is executed)theclaimthaton 64-bitmachineour GPimplementatiorns the
fastesin theworld would seemjustifiable.

Togethemith othernaw techniquessub-machine-codé&P hasallowedusto solve very
high-orderparity problemswithout ADFs (manuscripin preparation).

Finally, it shouldbe notedthatthetechniquedescribedn this sectionandthoseusedin
theprevioussectioncanbecombined.For example if for aparticularmproblemonly asmall
numberof 1-bit processorss necessaryt is thenpossibleto evaluatemultiple fithesscases
of the sameproblemusingtheremainingprocessors.

13.6 Conclusions

In this chapterwe have presentech GP techniquewhich exploits the internal parallelism
of CPUs,eitherto evolve efficient programswhich solve multiple problemsin parallel,
or to computemultiple fithesscasesn parallel during a single executionof a program.
We call this form of geneticprogrammingsub-machine-cod&P. We have demonstrated
remarkablespeedupsand presentedexampleswherewe have evolved parallel programs
which canbeexecuteddirectly andefficiently on standarccomputehardware.

Sub-machine-cod&P hasa considerablgotentialwhich we will continueto explorein
futureresearchOneparticularlyinterestingssueis whetherit is possibleto usethis form
of GPto solwe efficiently alsoproblemsawhichrequireprimitiveswith sideeffects. Another
issueis to seeon which classe®f problemsthe biasimposedby the SIMD natureof the
CPUis notalimit but anadwvantageor sub-machine-codéP.

Thepotentialof sub-machine-cod8Pis realandalreadyavailable. Thisis demonstrated
by the 24- to 60-fold speedupd#t canachiere in Booleanclassificationproblemswithout
requiringary significantchangeto the GP systemusedandindependentlyf thelanguage
it is implementedn. On a 64-bit machine with this techniqueGP is ableto evaluate64
fithesscaseswith a single programevaluation. This meansthat the fithessfunction for
a problemlike the even-10parity problem,which hasnever beensolved with standard
GP without ADFs or recursion,now hasaboutthe samecomputationoad asthe fitness
functionof aneven-4parity problem.

On Booleanclassificationproblems,the speedupachieved by sub-machine-cod&P
makesour 64-bit C implementatiorof the fastestGP systemin theworld. If we believe



Moore’slaw (which predictsa doublingin speedf computersvery 1.5years) the speed
up obtaineds equivalentto the onewe shouldexpectto obtainin approximatelyl0 years
usingstandardsP

13.A  Appendix: Implementation

This appendixdescribesa simple C programwhich illustratesthe ideasbehindthe fast
parallelevaluationof fitnesscaseswith sub-machine-cod&P. The code hasbeenonly
partly optimised.No optimisationhasbeenperformedn the packingof programinputs,in
thetargetoutputdeterminationandin thecomparisorbetweeractualandtargetoutput.

13.A.1 Description

Theprogramincludesthefollowing functions:

run() is a simple interpretercapableof handling variablesand a small humber of
Booleanfunctions. The interpreterexecutesthe programstoredin prefix notationas a
vectorof bytesin the globalvariableprogram . Theinterpretereturnsanunsignedong
integerwhichis usedfor fitnessevaluation.

e5parity() computeghetargetoutputin the even-5parity problemfor a groupof 32
fithesscases.

el0parity() doesthe samebut in the even-10parity problem.

even5 fithess _function( char *Prog ) given a vector of charactergepre-
sentinga program,executedt andreturnsthe numberof entriesof the even-5parity truth
tablecorrectlypredictedby theprogram.

evenlO fitness _function( char *Prog ) doesthesamefor the even-10par

ity problem.In this casethe programis executed32 times(insteadof 1024),onceof each
iterationsof the five for loops. Theseloopsareusedto malke theinterpreterevaluatethe
programon a differentpart of the truth table of the even-10parity function. This is why

thevariablesx1 to x5 initialisedin theloopstake the binaryvalues000...000r 111...111
(i.e. FFFFFFFHRN hexadecimal).

main() runs the even-5 parity fithess 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-
nesgunctionwith theprogramgXOR X1 X2) (anon-solutionand(NOT (XOR (X1
(XOR (X2 (XOR (X3 (XOR (X4 (XOR X5 (XOR X6 (XOR X7 (XOR X8
(XOR X9 X100 (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)0 " run() ); /¥ Bitwise XOR?*
}
}
unsigned long e5parity() /* Bitwise Even-5 parity function */
return("(x1"x2"x3°x4°x5)); /¥ (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 = O0x0000ffff; /* x1 = 00000000000000001111111111111111 */
x2 = O0x00ffO0ff; /* x2 = 00000000111111110000000011111111 */
x3 = 0xOfofofof; /¥ x3 = 00001111000011110000111100001111 *
x4 = 0x33333333; /* x4 = 00110011001100110011001100110011 *
x5 = Oxaaaaaaaa, /* x5 = 01010101010101010101010101010101 */
program = Prog;
result = run();
target = ebparity();
matches = "(result "~ target); /* Find bits where TARGET= RESULT */
filter =1;
for( i =0; i <32, i ++) /* Count bits set in MATCHESY
{
if( matches & filter ) fit  ++;
filter <<= 1;
}

return( fit );



unsigned long elOparity() /* Bitwise  Even-10 parity
return("(x1"x2"x3"x4"x5"x6"X7"x8"x9" x10));
int  evenl0_fitness_function( char *Prog ) /* Even-10 parity
{
char cx1, c¢x2, cx3, cx4, cx5, i
int fit = 0
unsigned long result, target, matches, filter;
for( cx1 =0; cx1 < 2; cx1 ++ ) /* Set x1, ..,
{
x1 = cx1 ? 0 : Oxffffffff;
for( cx2 = 0; cx2 < 2; cx2 ++ )
{
X2 = cx2 ? 0 : Oxffffffff;
for( cx3 = 0; cx3 < 2; cx3 ++ )
{
x3 = cx3 ? 0 : Oxffffffff;
for( cx4 = 0; cx4 < 2; cx4 ++)
{
x4 =cx4 ? 0 Oxffffffff;
for( cx5 = 0; cx5 < 2; cx5 ++ )
{
x5 = cx5 ? 0 : Oxffffffff;
x6 = 0x0000ffff; * x6 =
X7 = 0xO0O0ff0Off; 1* X7 =
x8 = 0xOfofofof; 1* x8 =
x9 = 0x33333333; * x9 =
x10 = Oxaaaaaaaa; /[* x10 =
program = Prog;
result = run();
target = elOparity();
matches = "(result ~ target); I*
filter =1;
forC i =0; i <32, i ++) I*
if( matches & filter ) fit
filter <<= 1;
}
}
}
}
}
}

return( fit );

}

x5 to 000...000

function *

fitness function */

and 111...111 */

00000000000000001111111111111111 *
00000000111111110000000011111111 *
00001111000011110000111100001111 *
00110011001100110011001100110011 *
01010101010101010101010101010101 *

Bits where TARGET= RESULT */
Count bits set in MATCHESY
++;



void main()

/¥ Incorrect solution */
char sif] = {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", evenb_fitness_function( sl ) )
printf("Even-5 Problem\n"
"Testing  (NOT (XOR (X1 (XOR (X2 (XOR (X3 (XOR (X4 OIS
"Score  %d\n\n", even5_fitness_function( s2 ;
printf("Even-10 Problem\n"
"Testing  (XOR X1 X2)\n"
"Score  %d\n\n",  evenl0_fitness_function( sl ) )
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)))NM))HMHN\n"
"Score %d\n\n",  evenlO_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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