STRATEGY LEARNING THROUGH PAGE-BASED
LINEAR GENETIC PROGRAMMING
APPLIED TO THE SAN MATEO TRAIL

Garnett Carl Wilson

Submitted in partial fulfilment of the requirements
for the degree of Master of Computer Science

at

Dalhousie University
Halifax, Nova Scotia
July 2002

© Copyright by Garnett C. Wilson, 2002



DALHOUSIE UNIVERSITY

FACULTY OF COMPUTER SCIENCE

The undersigned hereby certify that they have read and recommend to the
"#$ %&*(+,"- $"&(/ &- 0.1¢),("##. 2&'3#. (" (&. 101(3&0&Ya66 Strateqgy

Learning through Page-Based Linear Genetic Programming Applied to The

San Mateo Trail 67(8'(666666Garnett Carl Wilson in partial

fulfilment of the requirements for the degree of Master of _ Computer

Science

Dated:

Supervisor:

Readers:




DALHOUSIE UNIVERSITY

DATE: July 2002

AUTHOR: Garnett Carl Wilson

TITLE: Strate gy Learning throu gh Page-Based Lin ear Genetic

Progra mming Applie d to The San Mateo Trail

DEPARTMENT OR SCHOOL: Faculty of Computer Science

DEGREE: MCSC CONVOCATION: _October YEAR: _2002

Permission is herewith granted to Dalhousie University to circulate and to
have copied for non-commercial purposes, at its discretion, the above title upon
the request of individuals or institutions.

Signature of Author

The author reserves other publication rights, and neither the thesis nor
extensive extracts from it may be printed or otherwise reproduced without the
" #OR()* 8- )., & ission.

The author attests that permission has been obtained for the use of any
copyrighted material appearing in the thesis (other than the brief excerpts
requiring only proper acknowledgement in scholarly writing), and that all such
use is clearly acknowledged.



Table of Contents

TabDIE OF CONLENIS. .....uuiiiiiiiiiiiiii it ne e v
LIST Of FIQUIES ...ttt e e et e e e e e e e e e e e e e e mn e V.
] R0 =0 = PP PPPPPPPPPPPPI Vi
List of Abbreviationsand Symbols USad .........ccoooeiiiiiiiiiiiiiee e Vil
N 0] 1 = o TR Vil
ACKNOWIBAGEMENTS. ...t e e e e e e e e e e e e ennne e e e e eeas IX
1 [ aTioTo [¥ oi1 o] o R PP PP PPRP PP TTPPTR 1
0 R |V [0 11 VZ= 11 o] o PSRRI 1
1.2 TheProblem! TheSan Mateo Trail...........ccccciiiiiiiiiiieeniiiiiieeeeeeee e 2
I N I == {0 USSR

2 Literature Survey and Background inLinear Gengtic Programming .................... 6
2.1  Traditional Geneic Programming .........ccooeveiiiiiniiiiiimmnn e sssiiiineeenneeeeeeensd 6
2.2  TheLinear Genetic Programming (L-GP)Approach.........ccccoeeeeeieeiiiivvieeen.. 9
2.3  ThePague of Crossove and Bloat in GP............ccoooevviiiiiiiiiccce e 11
2.4  Crossove usingPaging and Dynamic Paging in L-GP..................cccccnee 13
2.5  MULation OP@EEIOIS. .......ccceeiieiiieiiiiiii e as 16

3 Regular SanMateo Trail EXPEIMENTS.........cccuiiiiiiiiiiiiii e 18
3.1 Implementtion ofthe Sa Mateo Trail Problem ................ccoooiieee 18
3.2 PAOING oottt e e e e e e e s amr e e e e e e eas 21
3.3  Interpretation Of INSrUGION SES.....vvvvviiiiiiii e 22

G S 1 11 (=11 2= (o o PSR 24

3 D RESUILS .. ettt e e e e e e et a e e e e as 25
35.1 Hyper Ants, THSY& ' S(F+&,-).+)OHL. 2,)* +&,.cccvvveeecirieeecrieeee 26

3.5.2 Thoudhtful Ants Using Diff erent Paging Implementdions............... 30

4 Mutation and CrossoveBiasing and its Motvations..............cccevvevevviieeeneeennn. 34
4.1  TheNotion of RtNESS GaNQE.........cceeeiiiiiiiieeeeeee e 34
4.2  TheNotion of Non-repeating Path.............coooiiiiiiiiiiene 36
4.3  Anadysisof Fithess and Eploraion inPaging Implementations................. 38
4.4  Biasing of Mutaion ad/or CrOSSOVE............eeeeiiiiiiiiieiiieameeeeeeeeeeeee e 43
4.5 Biasing Mutation and Ciossovetto Solve aHarder Trail ..........eeeeeieeeeee..n. 49

5 LinKing Pages t0 QONIEX .......ccouiiiieiiiiiie e 53
5.1 TheNotion of @ INStrctoin TYPE......coooiiiiiiieeeeeeee e 53
5.2  Graphicd Results of theSearch for ConteX...........cooovvvviiiiiiiiiccceeeeeeeies 55
5.3  Numaeica Results of theSearch for Contex ..........cccccvvvviiiiiiiiieeeiiiiieee 61

6 Condusions ad FULUrE@WOTIK ..........coeiiiieiiiiiiiicce e eeer e 66
6.1 Page-basal L-34)5,6)04. X Tree-basad GP..........ccoociiiiiiiiiieeei, 66
6.2  Supeiority of Thoughtful Ants in the L-GP Implementdion....................... 66
6.3  TheBendits of Different Types d Paging in L-GP................ccoeiiiieiiieeen.. 67
6.4  Examining Howthe Ant Parformed............oooiiiiiieee e a7
6.5 TheBendits of Biasing Mutation axd CrOSSOVEL............ccceevvviiiierieeeneenenns 68
6.6  TheSearch fOr CONEX ........uuuviiiiiiiiee e rrer e e e e e e 69
6.7 Summary of Contributon and Fiture Work............cooooeieiiiiicceeeicceeeeee, 70
REFEIENCES. ...ttt ee e e e e e e e e e e e e emnnnnnn e e e e e e e eaaeaeeees 13



List of Figures

Figure 1.1: TheSan Mateo Trail according to Koza..............cevvvvvviieiiiimeeeeeiiiiiieennn 3.
Figure 2.1: Generationd tournanent EleCON. ..........uvveiiiiiiiiiiei e 8
Figure 2.2: Sealy statetournanent ®1eCtion.............ccoooviiiiiiiiie e 9
Figure 2.3: Block-based CroSSOVE IN L-GP...........ccoooiiiiiiiiiieeee e 13
Figure 2.4: Rage-basad CroSSOVENN L-GP ...........coovviiiiiiiiiiiimmeecceviise e 14
Figure 2.5: Svap muttion opa@ator USE INL-GP...........ccccuvviiiiiiiiiiieeeieieeeeeeeeeeeeeee 17
Figure 3.1: Sealy statetournanent inplementation of theSan Mateo Trail ................. 20
Figure 3.2: Interpretation of instructions for4 registerand 8 egister ants..................... 23
Figure 4.1:Fitness chage for which each instudion, iteration par is respasible in an
implementation NVOIVING PagES OF SIB 4 ......ooooiiiiiiii e 35
Figure 4.2: Numbe of times ftness chage of given anouns ocarr in Figure4.1......... 36
Figure 4.3 Increasein non-repeating path corespondingto eah instruction, iteration

par in an implementation involing pages of SIZ2 4 .........vvceiiieiiiiiiiiiceeeeeeeee e 37

Figure 4.4: Numbe of times norrepesting paths of given lengths ocair in Figure 4.3...38
Figure 4.5 Fitness chage for which each instudion, iteration par is respasible in an
implemantation NVOIVING NO PAYES........uuuuriiiiii e eeeerce e eene e e e e e e e 39
Figure 4.6: Numbe of times ftness chage of given anouns ocairr in Figure4.5......... 40
Figure 4.7: Increasein non-repeating path corespondingto each instruction, iteration
par in an implementation NVOIVING NO PAES.......cceeeiiiiiiiiiiiieeee e 41
Figure 4.8: Numbe of times norrepeating paths of given lengths ocair in Figure 4.7...42
Figure 4.97)8#9,)5;<,9#+)J0#1. 2,)=.4)>. &H) K D ervrrriiiiiiiieeieeeeeeeiieeeie e S0
Figure 5.1:Instrwction pars present in 20 trids for thoudntful, 4 register ants witha 32
page maxmum INSTrUGION M. eee e e e eas 56
Figure 5.2:Instrwction pars present in 20 trids for thoudntful, 8 register ants witha 32
page maxmum INSTrU@ion lIMIT...... ... 56
Figure 5.3:Instrwction triples present in 20 trids for thoudntful, 4 register ants with a 32
page maxmum INSTrU@ion lIMIT...... ... 57
Figure 5.4:Instrwction triples present in 20 trids for thoudntful, 8 register ants with a 32
page maxmum INSTrU@ion lIMIT...... ... 57
Figure 5.5:Instrwction qualruples pesent in 20 trids for thoughtful, 4 register ants with a
32 p@e maxmum iNSTILCEON TIMIT........ueiiiiiiiii e 58
Figure 5.6: Instrwction quadruples pesent in 20 trids for thoughtful, 8 register ants with a
32 p@e maxmum INSEILCEON TIMIT........uiiiiiiiiii e 59
Figure 5.7:Instrwction pars with a widcard present in 20 trids for thoudhtful, 4 register
ants with a 32 pge maximum inStrudion lIMit.............cueuviiiiiiiie e 60
Figure 5.8:Instrwction pars with a widcard present in 20 trids for thoudhtful, 8 register
ants with a 32 pge maximum inStrudion lIMit.............cceuuiiiiiiiii e 60



List of Tables

?. @(;)A6B6)C'LE;9,QD#H)0H#L 2, )EHYE FB....oooeeeeeeeeeeeeeeeeeeeeee e 24
Table 3.2. Chaacteristics of theL-GP pragram..........cccoooeeeeeeiiiiiiieeeie e, 25
Table 3.3. Man and mnimum generation & which hyper ants and thoghtful ants
sucessfully completing thetrail ... 27
Table 3.4. Emeasureresults for hyper ants, thoughtful ants, ad 0#1. 2,).+&,)

FOF Z 2090, e 28
Table 3.5.Instrudion se size following 50 000 punds or ompletion ofthe tail. ......... 29
Table 3.6. Emeasure(! 1000)results for different pagng implementationsof thoudtful
20 TP UP PP RPPPR 31
Table 3.7. G@neration & which different implementationsof thoudtful ants completd

L1 =20 1= SRR 32
Table 3.8.Instuction se size following 50 000 ounds or ompletion ofthe tail for
different implementdions of thoudptful ants..............cccuuiiiiiiiiieee e 33
Table 4.1. @neration & which regular thoudtful ants, houdhtful ants biesed for
mutation and @ossove, or only crossove swccesdully completed tretral . .................. 44
Table 4.2. Emeasure(! 1000)Results forthoudhtful ants based for crossover, or both
mutation and aossove, or nather, for Zz=0.99..........cccciiiiiiiiiiiiirere e 45
Table 4.3.Instrudion se size following 50 000 ounds or ompletion ofthe tail. ......... 46
Table 4.4.Improvement in generation where a solution first appers in each of 20 trids
for 8 register, 32 MaXmMUM PAJEBNTS........uviiiiiiiiieeee e rees e 48
Table 4.5. Rness following 50 000 ounds (noe completed thetrail). ........................ 51
Table 4.6.Instrudion se size following 50 000 ounds (nonecompleted thetrail)......... 52
Table 5.1. Classication of instruction types far detemining contex.............cccceeeennn. b5
Table 5.2. Numberof maximum, mnimum, and midd$ pesks forwhich each
implemeantation B responsble in SON@ SeqBNCE Of 2. .......vveiiiiiiiiie e 62
Table 5.3. Numberof maximum, mnimum, and midd$ pesks forwhich each
implemeantation B responsble in SON@ SeqENCe Of 3. ......oovvviiviiiiiiiiie e 62
Table 5.4. Numberof maximum, mnimum, and midd$ pesks forwhich each
implemeantation B responsble in SON@ SeqENCe Of 4. .......ovvvvvviiiiiiiie e 62

Table 5.5. Numberof maximum, mnimum, and midd$ pesks forwhich each
implementation B responsble in sone seqence compo®d of apar plus awildcard. ....63

Vi



Abstract
This wok explores stategy learning through genetic progamming applied to
artificial ants ha must learn to navgate theSan Mateo Trail. Theindividuds in
the poblem aisefrom linearly-structured Genetic Programming, or L-GP,and
their paformance is compaed to he traditional tres-based GP ®lution to the
problem. Thework examines a numberof properties of theL-GP ants,ncluding
memol Size, maxmum instrugion sé size, constaints appied to he crosover
HE ;< &#A<DF(, /) HE.9994J-) +/)"#K). [8S;)&";).+&).<;6))>;&LY'#<); 5. ($.&8+)#)
the fitness acumulated and exploraion doneby particular parts of thegenome
duringevolution ale presented. The analysis motvates the ceation ofan
implementation robustd soling paticularly hard prodems whee no stategy is
readily available. A nunerical andgraphical andysis of thecontex of
iNstruc&@+,)9)&";) +&,2)%#F;)9,).(;#)$H; <&; +).+/)930,).48; /)&".&)E%9+)%ot)

L-GP produes ketter solutions tirough retaining contex within pag bourdaries.

Keywords: Page-based Linear Genetic Programming, Genetic Programming,

Strategy Learning, San Mateo Trall
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Chapter 1: Introduction

Section 1.1: Motivation

Traditionally, thefield of Genetic Programming, or GP, has invdved using
Darwinian concepts assearch techniques on popations of pograms epresented & trees.
The paformance of tree-based GP has @me to ke chdlenged in the recent past ly the
powe of GP asapplied to linearly structured individuals, whid ae essenially
populations of ssemby or register-level language progams. Ths Linear-GP (L-GP)
tednique ha vaiants, ae of which is propsedby Heywood and Zincir-Heywood to
simplify the gendic search opeators gplied to exrlier attempts atL-GP. The
performarce of this newL-!"#$%&6()*#4 - .#/0%- -based L-!1"*2#3 %4#4563(#)6#0&6-7#+
distinct and oten dficient results compaed to exlier GP echniques on aaies of
benchmaik problems [3].

However, nore of thebenchmak prablems n theoriginal sudy actually had the
individuals karn aprodem-solving straegy. Thiswork examines the obustness ad
possble power of page-based L-GP on adifficult straegy-learning prodem usng a
numberof different search paametes. The performane of thepage-based approah is
examined ushg sevea metrics: length of final solution (to measuresucénctness or
qudity of thesolution), @mpugtional dficiency of the dgorithm, and thespeel & which
asolution islocaed (losely related to computatiod efficiency). It also erdeavors to
deteminewheher the new type of crossowr opeator usel in this L-GP echnique ha
the dility to caise sections of thecode making up the indivduds to develop context,

thus ceating possbly reusableblocks ofcode. In addition, a modificéion to he page-



based L-GP appoach is s1own to berobustto paticularly hard problems where a

straegy is nd easily found oris essatialy nonexistent.

Section 1.2: The Problem—The San Mateo Trail

A choiceof stategy-learning prodem was neessary, and The Artificial Ant
Problem (wherein the ant navigates a tail of food)was chaen, for it is corsidered to bea
chdlenging GP benbmak problem whosdlifficulty levd is compaable torea problem
spaes [12]. TheSan Maeo Trail version ofthe poblem is the hader of the artificial ant
problems P], afamily including the dhn Mur Trail, and Santa Fe Tail, and theLos
Altos Hills Tral. In the taditional form of the Sa Mateo Trail prodem, thetrall
consstsof ninel3 x 13 broidal gids wheein thetral may have five different types of
discontnuities B]. Koz, to savecomputr time, dtered the poblem: tetral is divided
into 9 pats (fitness caes) of 13 x 13 gids, thegrids ae not broidal, toucling the elges
of the nonrtoroidd grids terminaes afitness @se and moving onto a squeé containirg
food throws prayram execution back to the beginning. TheSan Mateo Trail as used in

this wok is gven bdow in Figure 1.1.
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Theant can spn left or right 90 dgrees, a moveforward. There are 96 pieces of
food altogetheron the tail, and an ent84#9- 44##)5-#(7:;-&H6B66.8'-+- 449%-( in all
pats ofthe tail. Anant finishes vith oneof thenine pats (fitness @ses) d thetral if
the ant eithertouches thededrical fence (it touctes the ege), maes a toél of 120 iight
or left tums, or move 80times The ant always begins each 13 x13 gid in the middé of

the top ow, facing sout.



Section 1.3: Sections

In Chapeér 2, ageneral overview of Genetic Programming as a fart of
Evolutonaly Compugtion isprovided. The history of genetic programming leading to
the impkementdion of page-basad L-GP i presented, and adiscusson ofthe isues
implicit in usng the sarch opeators associdedwith a numbe of GP tchniques is also
given. In provding this backgroundon the motrationsbehind tis work and the usef
page-based L-GP n general, a suvey of literature related to his work is preent in that
chapter.

Chapter 3 presents heimplementation of thepage-based L-GP sdution to the San
Mateo Trail usedin this work, induding ant instrudion interpretation, sructure of the
individuals used, rad the initalization ofthe dgorithm. Differences between the orginal
tree-based GP ®lution to the teil and the pge-basal L-GP sdution ate presented, ad
the peformance diff erences betveen the two ae assesse. Morespecifically,
performarce metics in the areas of soluton length, generation when asolution gpears,
and computtiond efficiency are discussed. W aso canpae performance of the pae-
basal L-GP mplementdion usng different paiameters: wo types of ants ae compaed
(varying in adiveness), ad ants with different szed memores aad maxmum instrudion
sd sizes ae compaed.

To examinethe way thesoluions hat lead to the promising results in Chapter 3
were generated, Chapte4 presents tvo nev metrics to ealuatefitness gans aml
-<0,6&Y6 (#68)5-#IGH.6(- #=H4+)' 6 (4#H69H)BYABH L6 -4#. 78 ( 1#$6,7) 6(>H#2#
compake thefitness ad exploraion peformane metrics withthose ofnonpaging ants,

and pioceed to sulject the paging ants © biasel mutation and mwssove in hopes of



boosing paformane. Therationde behind this biasingas presented ky Fang, Ros, and
Comne[4] and its comection to he paformarce metrics is dso disaussed. Theresults of
thebiasa ants onthe Sa Mateo Trall in terms ofhighest fithess eached and find size of
instruction sé for the patial solution ae given. Theresults prompt he creation of an
even hader trail than theSan Mateo, and the biged ants peformance is again measure.

Chapter5 diusses aattempt to identify whether or nd the pages in he page-
based L-GP appoach contribute to the creation of good serch stategies by keeping
contex within page bourdaies. To ths end agraphicd examinaion ofthe pesence of
certain instrudion seuences acoss egular paging, nonpaging, and dynamic paging
implementationsis presented. Next is providel amoresold nunmerical analysis of the
presence of context with an accompalrying argument tha paging implementations @use
retaining of contex in building blocks ofinstructions. By end of Chepter 5, the work has
culminated in a denongration ofthe bedfits of page-based L-GP, and thir undelying
causes in tans ofcontex-presavation, fithess bhange and exploration.

Some ofthe esults from this thesisgppeared as aconference publication & the
2002IEEE Canadian Conference on Electrical and Compuer Engineering and received

the best papeaward in the ategory of Al and Canputer Hardware [19].



Chapter 2: Literature Survey and Background in Linear

Genetic Programming

Section 2.1: Traditional Genetic Programming

Gendic Programming is a subset oSeach and ogimization techniques whib fall
"#$ %&) *&&) .. PH&012.1*+2")BEL56!* ) *R"7&8:;&hetechniques eferred to as
1012.1*+2")BRR56!* ) *R"78&Yo&5241)*$&3& B&) %'+"}"&2"- $6*&27R%1% .&
sdedion. In sud techniques, ain bology, thee is a population of indiduds. The
individuals n the @seof evolutionary computtion represent candidae solutions b the
paticular problem tha is beinginvestgated. Theindividuals n this popuétion ae
Y)DB&!, FAR() *&&) .. BHERN+*"S, Bl"- *"; T&BA)+"C&),&+282BCE*(B&*S$,*&
individuals ae biasel for seletion & paents u®d to create a new popuktion of
soluions. Theway this occurs isthrowgh the maipulation of genetic matrial making up
the paents b aeate children who eplace sone of the individuals orignally in the
population. Thus hte sizeof thepopulation doegot change. A generation ha be@
completed when the nunber of paents ®lected and children aeatedequds the numbe
of individuals n the popul@on.

Evolutionaly Computtion tetiniques ee disinguishedfrom one aothe dueto
three main fctors [1]: structure usedto represent individuds, the methods used taeate
new individuds, and howhe ftness of the indiwdluds is evduated. In Gendic
Programming (the echniqueusedin this work)the strudure of an individual is
executablecode and the$0s- 1*2"&28*($&BAYD &HBBo+'S,&)"&+"#+HY .E,&7$,,;&&&
traditional GP, he executablecodetook heform of atree strudureas ceated by John

Koza[9]. Theinstudions casiged ofa Terminad Set compised ofzero argument



instructions aad aFundiond Set compised oftheinstucions with oneor moe
arguments. In the tee-structured genetic programming technique, tle membes ofthe
Fundiond Set are dways the inérnd nodes ofthe tree and the menbess d the Termind
Set are dways at tle leaves of thetree.

Two main opeatorsare responsble for the atual creation of variation in the
population:crossove and mugtion. Gossove involves svappingthe genetic mateial of
two paents b aeate children, and thusexploits genetic mateial already avail able.
Mutation dhanges thegenedtic mateial already present in the dild, dlowing exploraion
of genetic mateial notyet introdued. Thebasic procedure of aGenetic Program
consids of the bllowing steps 8]:

I Specify a priorithe instudtion sé and endomly generate an initial popuktion of
individuals.
I Execute theprogram camprising each individual and clculate theresulting
fitness.
I Create apopuktion of new individuds by repeatedly
o Seledingtwo parent individuals ad ushg the crossoveropeator to
recombine dready existing mateial to aeate cildren.
o Apply the mutation opetor to exch child to introdue new soluions.
I If thefitness of the pesent best ndividud matches the hidpest desied fitness

(thedesired resulf) terminae theagorithm, oherwisereturn to he second step.

The GP proedure can bespedalized into two forms of séection: geneationd
and seady statetourraments. In the generationd approah, the fitness of a entire

population $ evduated. Every individud in that populations then anked, and asigned



a prolebility of sdection based on theirfitness (itness ofgiven individud / total
population finess). Rirs of individuals ae iteratively sekcted,and aosswer and
mutation ae gpplied to hem. Theproaess reeats untl there are sufficient children to

represent an atirely new population. Theenerational tournanent gpraach is depicted

bdow in Fgure 2.1.

population

high probability
of selection

low probability
of selection

evaluate fithess over
entire population.

J

rank fitness of individuals
in population and assign
a probability of

selection (fithess of
given indivual/total

population fithess)

population

O iteratively select
(s pairs of individuals

O~ apply crossover

Oe and mutation
population

O~ insert individuals

O ® into next population

Figure2.1. Generationd tournament séection.

The stealy statetourrament appoach rdies moe heavily onrandom glection.
This is the brm of sdection used in this research: historically, linear-strudured GP has
always used staly-statetournanent séection. In this tetcinique, asmallsubset of
individualsis first reandomly sekcted from the population b takepat in atournanent.

Thefitness of theséndividuals s evduated, and thefittest hdf is sdectedas paents.



Mutation and aossove are gpplied to he parents b aeate children, who overwrite the
worst peforming individuds of the tounament inthe orginal population. The opeation

of the stedy statetourrament isshown b&w in Fgure 2.2 for the caseof atournanent

size of four.
O a 4individuals are selected to
Population ™) O s take partin a tournament
Oc (Here, individuals A, B, G
i and D are selected.)
fighes (T} a evaluate fitness of 4
l O o individuals
lowest 8 B
fithess
£ select best performing
pareres () A as the parents
O o (e.g.A and D are the
ﬁ parents)
children O c
ol apply mutation and
crossover to the parents
Qe to generate children
Qe (creating individuals B' & C')
O e l
popubtion O3 overwrite the 2 worst
Qo performing individuals
Oe in the tournmentin the
Oe population with the

children

Figure 2.2. Stealy state tournanent séection.

Section 2.2: The Linear Genetic Programming (L-GP) Approach
F&*($QPM&2PHS*+HBAYRS +"S &, $CR .PHEIH'S) VP& S*+&

6RAVES +"A7E&RIEHICT&*($&+"H#N+,&() LT8R+ "SPo&+" #92 P& BPased stucture
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Tha is, indviduds ae listsof instrudgions nsteal of trees. Evaluation of ftness tius
mimics progam execution in a sinple register machine (/on Neumann ompug) [5, 6
8, 1314]. Instrutions ae madeup ofopcodes ard opeands (eplacing Functiond and
Termind Sets), and the pogram altes the contens of intend registers. Theinternd
registers piovidea means of stoing subresults ard dl eviate the ned of inroduang new
opeators inb aFundional Set. Moreover, noconstrants on nstrudion seuence are
enforced in L-GP. Thais to sy, each instudionin aL-GP ndividud does not
necessaily contribute to the lesultin the solution register, whereas in Tree strudured GP,
by ddfiniti on, esch nodedoes cortribute to theroute node Registers inL-GP theefore
), 2&6%2 1 +/88Y* (2# &% &, B +'&®6&* (&I "# ) "- 3E;&+").. 308+, T, &8-GP ap
different from general purposememoy (as in RAM), wheae additional concepts ae
required to providethis propety in both L-GP [13, 15]and Tree strucured GP [18].
RAM involves a sigificantly larger address pace than egisters. Sgnificant information
is typicall y avail able within an instuction itsdf to address egister spae; in contist,
additional speial instructions ae required to boh address helarge memoy spae in
RAM and omganize the dita in ha spae.

Thefirst working examples of linealy strudured GPs mly appeared in the mid-
1990s B]. Forinstance, Nordin first used a evolutionary algorithm to evolvebinary
madine language programs n 1994 [L3], and Nodin and Binzha proceeded to ceate a
complex register machine usng L-GP b evolve bnary codedirectly [15]. Thehighly
efficient linea implemenrtationsmanipulatd madine odedirectly and thus providel
impressive low memoy requirements ad spgeed enhancements ompered to interpreted

forms of tree-GP [13, 14] Thework in this aea continues to lecome moe interesting.
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Nordin has ceateda means of g@erating computer programs usng L-GP alinein real
time in an actual moble robot applicion, & opwsedto undersimulation [14]. Also,

Hudsbegen has shown eolution of program iteration (theemergence of for, do-until,

and while loops) to b@assble usingL-GP whe thosecontrol stuctures were not

defined as part of the a prioriinstruction se [5].

Section 2.3: The Plague of Crossover and Bloat in GP

F&*($&=+DP) .&'29HC &2, 21%&+,&" 2E x| L& +#TM;B&") *1%E &
chromomes &e distinct pars, and each membe of the pa has its honologous patner.
During the process of méosis, thea/igned chromome sguences can crossover In
contrast o biology, crossove in gendtic programming has untl recently been blind, or
random. Ths random cossoveresults in larger and lager individuds with each
AP $6)R"CR6H'25%"2 "&@"2"&)&/-2#$&=.2)* & &E&{$ 6! *R" s in an indvidual
become @mpo®d of usdul instructions suroundel by sections of instuctions, called
[ +"962" G ()* &H2&" 2* &P+ P& 28 % * & &BER 62, +=.$&8)62", &7286 (:86($"25$"2"&
have been prgposed The mostcommon explandion isthat theindividual attempts to
proted pats of its genome that @ntribute to fitness by surounding them wih intron
segquences in hopes that t will be theintron sguences thatget crossel ove [11]. If the
intron s@uences get crossed ove instea of the fitness-contribuing instructions, he
crossove operator will not deceasethe itness d the individud. A secondreasongiven
by Langdon isthat GP, being stochatic search technique, Wil pick out he most

common indviduals n the seach spae of thecurrent best fitness. As ind dud lengths
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increase, thee will bemorelengthy solutions preent, and tha the populaon will then
simply favor longer individuds.

Solutions b the poblem ofcodebloat inplemented by Langdon br tree-based
GP ae homoRA2!,&-%2 21 $%)#&/,+19&J+98P02 2 1 $%8 O 8RE , NE& 2+ Vi, 21 $%6 & *($&
first cliossoverpointis chosenrandomly and thechoiceof thesecond cosver point in
the othe paent is biesed based on the struttire of that indvidual and the struture of the
portion of thegenome diosenfor exchange. Thehomobgous cossove operator goes
=$32"#& &5 2H P+ * 2" @ Bel+ &R+ VBB 2 %29 HAK BRI B &-2" I & &< &
modification a@tempts to recognize that ftness comributing instructions n oneparent
may not automatialy contribute to fitness n the individud desended form that paent,
unlessthe mntex of theinstructions n each of the parents were similar. Nordin,
Banzha, and Francone introduced the linea GP andogue of this tee-based GP
homobgous cossove [?]. In this vesion d L-GP homobgous cossove, equd sized
blocks, posdily containng different nunbers ofinstrudions, & the sameposition in each
individual mgy becrossel ove. This type of crossovercan be sea in Figure 2.3. In this
| =.2-@based L-HICTR&+"#H+#1). &&*(!, 8+ 1HF&"D&=.2-@ )&f&-2"*)+"+A&*($85 $&
numberof bytes, notmstrugions. An instuction block is he samesize as andherif both
contain the sae numbe of words. By requiring the blocks to be lagned, however, it is
also neessay to ue thehomobgous cossove operator with stndad aossover

opeators to &cilitate thelateral movement ofcode
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exchangs
serjments of
enualword (but
het hegessanly
instreuction) _
nurnber Instruction O

H—— % Instruction B

Instruction 5

Instruection ¥
Instrue tion Y

Irdividual X Individual

Figure 2.3. Block-basal crossove in L-GP.

Section 2.4: Crossover using Paging and Dynamic Paging in L-GP
Heywood and Zincir-Heywood dfer an dternative to block-based GP by dividing
)"&A"HIHH) 8428 () *8)88) .. SHEE) ASTEA" D) HO BA+E+" R ($&+"HEN+&¥282-@ &
[7]. In this implementation an indivilud is initialized to be aandom nunber of pages,
where each page is commsedof the sane numbe of instrudions. Thecrossover
opeator in this instane occurs between ore page in each of theparents, lut the page

may be .2-) *$#E 3($ %&+"&S+EBW *E, & PS5 CEKA%EP;Q;&&
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exchange
segments of
4instructions

Individual X Individual Y
Figure2.4. Page-based crossovein L-GP.

Since pages ae compogd of equd numbes d instrudionsin both individuals,
note thepage-based L-GP trait of creating individuals whosesize never changes after
initialization. This § a @parture both fom blodk-based L-GP and tassi@l L-GP n that
respec¢. In block-based L-GP a diferent nunber of instructions @n befound in e@h
= 2-@&+"12.1$#&4282 1% C & TR Hir+#1). B8, MNE&) "&+) "A$&R&-) ,,+ ) .&GP he
numberof instructionscrossed oveis simply arandom varable, so obvously an
+'#1+#1). E&, NB&'+. &() "AP, &&H&¥-off for individuds of fixed size in page-based L-
GP s that onaneed not provideaway of meauring code bloat @s in ree-structured GP)
and onenexd not combine lassic crossove with honologous cossove (which is
exactly wha block-based L-GP ties to a)[8].

A question aises as to Wa page size to us in aproblem to be soletby L-GP.
Onecan simply spedy a given page size upon intialization, oronecan useamethod

ca . $#&#3") 5+ 6) A+"A7&D:;&8le actually try bothstraegies in his work When using
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the d/namic paging procedureto specify page size, oneinitialy stipulates a priori a
maxmum pag size for dl individuals. Thepage size a ary given point s related to
fitness ad an be 2* where x is an ineger and 2 4&+"&F&+FH1LROR5)D+5!5 &6)B&
size]. Forinstance, with a maimum pag size of 4, the working page size could be 1, 2,
oré4.

Dynamic paging assunes that itis besto strt with snall pages to push heuse @
small usetil building blocks B]. Dynamic paging thusbegins with a working page size
that isthe smallst divisor of the maimum pag size, which is alwags 1. L-GP with
dynamic paging dways checks o sedf the popuktion fithess eaches wha is cdled a
16.)*Y 1C7&)#&162" &3 (+"A&*()*&6.) TR +"-B) ,$,&*($&2YRD +'RP AR, +B8* 28B& " & Mb, & &
This proedure is repeated unti the maxmum page size is reached, and thenext plateau
causes thavorking page size to reurn to tie smalkst dvisor. For example, in the caseof
amaxmum pag size of 4 sucha seqeence might takethe orm: 1" #2#" 4#" 1#" 2
" #" #.. ad soon. Aitness phteau is atieved when anonoverlapping window d
sequentia bestcasefitness valus issunmed. Thissum s compéaed to heresultin the
previouswindow. If the sum foreach window is the samess the otler, then aplateau is
sdd to hare been reached and the vorking page size is changed. In the work of
Heywood and Zincir-Heywood, as in tis work, thewindow ske is fixed & 10 samples.
Heywood and Zincir-Heywoodfoundthat d/namic paging was corsiderably more
efficient than retaining afixed page size in the benchmaik problems hey chose to test
[8], dthoudh this will beinvestgatedfor the SarMateo Trail in this work. The
benchmak problems ested in har work were not complicated straéegy-learning

problems ike theSan Mateo Trail. It will be denonstated tha there are both benéts
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and drawbacks, in temsof computtiond efficiency and sucinctness offind solution, to

usingdynamic paging on aprodem sud as the $n Mateo Trail.
!

Section 2.5: Mutation Operators

There are a couple d options wha goplying themutation opeator to an
instruction in a linedy-structured individual. Thefirst appoach is smple and fast: an
instruction issdected and an Ex-OR opeation ispeformed on tle bit seqience
representing that ingruction usng arandomly generated intgger. The second gproah is
sometmes neded when usingmultiple-register address fomats. Hre, afield based
mutation opeator is ugd: the numberof fields n theinstruction isdefined, and ExOR
opeations ae paformedbaween randomly selected fields and aandom ntege whose
bit seqence length matches the skected field. This work ned only use théirst simple
and fast vesion d the mutation opeator; the finesse ofthe seond isnot atually
required [8].

Anothe 51* )*2"8&26$72%) .. $#&[") 66+A7&') &+ P02#I$H&3&SB22 H&IH&
Zincir-Heywood [6] to enable vaiation inthe oder of instructions n prdlems whee the
segquence of instrudions B important, as itis in theSan Mateo Trall prodem. If the ant
doses its turns n the wongorder; it will no longer befollowing the tail. In this mugtion
opeaator, aswa takes plce between tworandonly selected instuctions wthin one
given individud, as show in Fgure 2.3 béow. If aprogram has the rght instrudions o
makeup asolution but hey are in thewrong order, this muttion opeator may lead to a

correct solution morequickly.
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swap

Figure 2.5. Swap mugtion opeator used in L-GP.

Traditionally, GP opegates on alarge population laving alow levd of mutation.
Behind this drategy is the assunption that the solin exsts in the populaon and
crossove is the sarch ogperator tha will pick outthat solition. In the work of Heywood
and Zincir-Heywood, & in this wok, thee is a snall population and higer levds of
mutation ae used Themotivation forthis isto e if solutons robusto popuétion size
and maxmum ingruction limit exist. Solutions Obustto meximum instruction limit are
paticularly important to the viability of page-based L-GP, forthe indivduds are of fixed
lengh. As nmentional in Chapter 1, this wok aims to dscove sud soltions n the
realm of page-based L-GP gpplied to grateqy learning prodemsT aresultthat isto the

=$§*&2?72&*($IYR.@"2.$HAR!"@"2";



Chapter 3: Regular San Mateo Trail Experiments

Section 3.1: Implementation of the San Mateo Trail Problem

I"# $UEH&H )*+*%,)$.,)-* [0. *H1$H&™ $*,$2,(8%4 ,5+6-$1# /%0 N$,2$%$
problem & exactly as passble, and dl implementationsare matdied in therelevant
respeds o dlow comparison d results. Onl themethodolog of solving the poblem
differs. 7# H($L&$8#. "%,)$9:;$+*$% 51 $¥4,5 +6-implementation 5 permitted 120
right or l€t turns or80 noveinstructions béore it mustmove ornto the next sedion of
the tail. TheL-GP implementdion ofthe tiil adopted thoseonstaints, but neeled to
imposean additional one 4,5 +6-$%8&4#&#)*+* %S needed only those onstaints beause
it involves tree-strudured soluions with and without ADFs, andthis meat that exch
nodecontributes to heresultant dedsion (oute nale). Linealy structured GP, howeer,
#2,/ . #3$),$-0."$.,)-* /19 S<#*3H S+ *UPP,2$%)/0. *Pp-$+) 1$=P*' 0*6 $U#/ $?-$$
conseagience, L-GP rmay manipulatethe ontentsof registers without at¢uall y changing
the positon of theant. A restriction wa thegefore placed on the numbreof register
references that an ant codd make on apaticular level. Thelimit was the masmum
numberof instrudions pe page times the uar-specified maximum nunber of pages (or
a least thewholeinstruction set of theant). Thisessentialy prevents anant in L-GP
from living forever onalevel by conseting of orly register load instuctions (instuctions
*'+*$<H/0) $3WBBBC : SV (BIEH(, 3-$* " HPY&H& H)*+*%,)$.,)-*/0.*#1$* $&."$4 ,5 +6-$
in therelevant respeds: if an ant can die fom either tuming or movingtoo mary times, it

will do that béore it will die oftoo many load instuctions.

18
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Furthemore, asteady stae tounament isusel $%#+1$,2$5 +6-$A#/+%+ ($
tournanent gproach. In his burnanent, heuseda population of 4000 indiduds and
allowed up to 50 gemretions. Thismeais ha a maimum of 50 gnerations ty 4000
individuals or amaxmum of 200 000 indiiduals are processed lefore thetrial is
,)-YalH##1$0)-Q . #-20(:$!, $&+*."$4 5 +16-$%&URH )+ PpS+-$.(,-#(DB+' ,-- U< (HES'$H#
implementation ued hee involves randomly sdecting 4 individuals n each tournanent
roundand dl owing amaximum of 50 000 ounds. (50 00@ounds by 4 individualsfound
gives 200 000 indiduals proessed) A populaton sie of 125 ants s evdved using
this stealy statetourrament seletion. In each round ofthe tounament, tle two
individuals wih the hidnest fitness ae preseved (become theparents) and the two wth
the lowest fitness ae the children, which are created rom the peents, sibjed to the
opeaators ofswapping, mutation, and/orwssove. If there is atie beween two or more
individuals rgarding whetherthey will become parents or not, he ongs) that bemme
paents ae the onés) first chosa to compée. Snce the 4 ats were chosento compée
by random €lection, thesethat beome @rents in this stuation ae thusessentialy
chosenrandomly. Theagorithm u®d to generate random nunbers duing run time is he
Park and Miller Minimal Standad generator [17], which is considesd to beasimple
well-establshedstandad that iseasily implemented and widdy applicable. Figure 3.1
bdow demongrates theflow of the dgorithm in theL-GP mplementdion ofthe San

Mateo Trail
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’ Start Trial ]

| Generate Population of 125 |

il

Select 4 individuals to take
> part in the tournament

'

Evaluate fitness of
4 individuals

Yes No
¢ Is there a tie?

Choose 2 parents
and 2

children
randomly.

Send the top two
individuals back to
the population.
(They are the
parents.)

Y

Apply mutation,
x-over and swap

to the children.
Return to population.

Have 50 000
rounds been done
r solution found?

No

A

Trial is finished.

Figure 3.1. Stealy state tournanent inplementation of theSan Mateo Trail.

Thesametemind set asKozais used, that is RIGHT, LEFT, and MOVE. Inan
%)+0. *PES@ABEH)-$7 FGHIES@B&#)-$| JKIE$HLS@AR,/FDIBBE&H)-SLMNJ :$$
8,&#*"%)$(@$4,5+6-FKFOOD-AHEAD fundion isdoneimplicitly in the program
[ 0> "$*"#P%0 )+ %P, 2DHDE %), * RS +*$<H0)-$3YB H S<H@EP $2." -from-

register instrudion). Mutation of arandomly chosen instuction ocurs with aprolability
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of 0.5, cossove of arandom pagebeween the two children in eah tournanent ocurs
with probdility 0.9, and the pobability of swappingis also 0.9. Muwtion isdoneby
bitwise XORing arandamly generated strirg of instrudion lengh with the chosen
instruction. Each individual mnsstsof 4 or 8registess and an instuction set of 12-bit
instructions. Not 8 bits were needed, but 12 biis were given per instrudion to allow br

futu/#SRHEQo<IRBY0)FSUGH/ #:+*%,)$, 2% 6-$p4/0. *%p-

Section 3.2: Paging

BH$*"#$%8A6H)* + P +*$0-#$), $'+>0035+$+((SRESHES #1852 HDBY*6-$
instruction sé could not be lager than the maimum nunber of pages specified by the
user multiplied by the numberof instrudions & owed pe page. All ants were initiali zed
to 10% ofthis limit, andtheirinstruction se& could gow throughout he courseof the
algorithm. Thi growth occurred withoutpaging becauseany numberof instrudions n
oneindividual wuld be &changed with ary numker from the otheindividud: there are
no paes beirg exchanged. Theonly crossove-related restriction on he ants tha did not
use @ging was that nomdividud could exceed the maimum indruction se size limit.
Crossove points would kep beng re-chosen unti the opeaator would notresultin an
individual ofa size greater than the maimum instrudion sie limit.

When regular paging is ectivated, gossove is then donewith pages, orgroups of
adjacent instrudions B, 7]. Thesize of thepages was set &4 instrudions. $ce pages
of equd size are always exchangel in this instane, the ats donot beomeany larger

than thé initial size when cossove takes plce.
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When dynamic paging is used,the numbeof instructions pe page has a
maxmum of 4 but vaes throudghout herun o the program. The dynamic paging
prevents pbkteaus n fitness kvels from forming prior to the maxmum fitness levkeof 96
being achieved. This 8 doneby doubling the nunier of instructions d owed pe page (or
sdting it to 1 whe the naximum pag size dlowed is he current working page size)
whenever themaxmum fitness emains he sameover 10 ounds of theéournament.
Dynamic paging essentidly results in kick-stating the pocess of solvng thetrail if the
ants begn to sette at a sub-optimal fitness bebre eating all 96 piees d food. As in
regular paging, pages ofequd size (whaever theworking page size is) ae dways

exchangeal duiing crosswer, sothe ants donot increase in size after initialization.

Section 3.3: Interpretation of Instruction Sets

Theway the instudtionsare interpreted depends o the numbeof registersin the
ant. Theants ae of two majorvarieties that & ect how they interpret the strings of bits
. &'1%-9p>$*"#%Y0)I0. *%- $SSM)BVAESYo-KHLSH "'#S@F | BEY*- SIWH ) $*"#-B¥-$
encounteran instudion telling them to bad information nto ther registers, they both
load it and immadiatdy act on heinstucdion loadel. Theothervariety is clled
@',0>"20(:BB# -#5)*-$20& Ob(,+1$5%) 28(+%,) HH$(,+ 1$%)0* *P$%),$*"#$
relevant register, but they do not mmediatdy act on the ommand loadel. (The
motivation behind the two vaties was to ®e if having theant take more action would
mean solving the poblem more quickly.) Fgure 3.2 povides & example demongrating

how theseants nterpreted their12-bit instructions.



maove instruction
interpretedin a
8 register ant
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load instruction
interpreted in a
8 register ant

[h0110111007
move according to
instruction in

10010111001
memary

register #5 if there
is food ahead,
else maove
according to the
instruction in

1001101 11007]

memory
register #1

[0D0110111001

load the

command
000110111001 _|
"spin ant to the
left" into
000110111001
memaory
register #5.

If the ant is hyper,

ant spins to the left.

If the ant is thoughtful,
it doesnot act.

Note: If the ant has

4 registers, bits6-7
are read when 5-7 are
read above, and 11-12
when 10-12 are read
abaove,

Note: If the ant has
4registers, bits6-7
are read when 5-7 are
read above.

So given the move instruction 100110111001 above, and register contents

10

00

10

11

00

01

10

11

The ant would spin right if there was food ahead, and move ahead otherwise.

Given the load instruction 000110111001 above, the register contents would change to

10

01

10

11

01

01

10

11

Figure 3.2. Intempretation of instrudions for4 register and 8 egister ants.
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Section 3.4: Initialization
Upon initialization, the ants usng paging and dynamic paging were given a

uniform rendomnumberof instrudions ha was amultiple of4, and they could initially
be compogd of wp to he userspeified maximum numberof pages (16 0r32). Theants
that did notuse ging were initialized to 10% ofdbsolute maimum indrudion sé size:
the use-speified maximum nunber of pages multiplied by 4 (initial page size for paging
versions of thgprodem). All instructions wee initialized to random bts. All registers in
*HEF-6P&HE, [VoH-BBHR Yo ((#1%P @AERAH# Y% P S FCH!: $$!+< (#-ST:9RLIT :; $<#,3%

~08& HYH"HS 1 Yo(-FB(VoNBOSYBREH ) *+706,)$., &' +HH1$* $4,5+6-:

Table3.1. Y"+/+. *#P0%:-$,2$45 +6-$rogram.

Type of Tourrament Geneationd
GP type Tree-structured
ADFs With and without
Population sre 4000
Size of Tournanent ZAAASR +0-#5%* St #+* P+ (C
ToumamentLimit 50

Termind set

{RIGHT, LEFT, MOVE}

Relevant sulsd of fundiond set

{IF-FOOD-AHEAD}

Probability of Mutation

0.9

Probability of Crossover

0.0




Table 3.2. Characteristics of theL.-GP prayram.
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Type of Tournrament Steady State
GP type Linear
Population ste 125
Size of Tournanent 4
ToumamentLimit 50 000

Termind Set {RIGHT, LEFT, MOVE}
Instruction Set {fetch-from-register (implicitly uses IF-
FOOD-AHEAD), loadinto-register}

Probability of Mutation 0.5

Probability of Crossover 0.9

Probability of Swapping 0.9
Types d Ants Hyper or Thoughtful

Numbe of Registers 40r8
Maximum Numberof Payes 16 or32

Size of Pages

4; or 1,2, o if dynamic paging is
employed; or naif paging not usd

Size of Individuds atlnitialization

ZSGOESESLH>#-$
where MaxPages 16 or 2

Section 3.5: Results

The paformance of thediff erent implementadionswith resped to generating ants

that soved the taeil were measural in three ways: (1) generation & which thefirst ant to

solve thetral eppeared, (2) the length of the soluthn evolved, and (3 E-measure E-

meaurewas desgned by Koza[10] to use thenumberof fitness exuationsdoneby an

agorithmin yielding asolution as ameaureof computtiond effort. Thereason fa

usingfitness ewuationswas that hedit thatthey were common to all adptive

algorithms,and hismeaure would then low easy comparison anong diff erent
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techniques Koza dso recognized thatgenetic programming was a pobabilistic
algorithm, and thusncorporaedbotha cumulative probability of suaessinto the
formula and a desired probability of sucess. Note that Emeaure is directly related to
the gameration & which thefirst ant soles the trd: it is represented ly thevariable /in
*HBO+HPPBY,&'0* P Ut ($H2/*P HHLFD -&#+0/#BCS RESX$+(F%*" & ) $<#b

measural ushg aformula desaibed by Koza [9, 10}

Er Ty 10912
log((1- C(T,i)

[14]
where
J$]$.&'0* +%t ($H2,/*P4,$.+(HLED -&#+O0/HBCE
T =is the size of thetournament,
i = is the gneration whee an individual soled the tail
z =is the probebility of success (€t to 0.99 n thesexperimerts),
C(T, i) = is the cumulative probability of having an individual solvethe problem in the
expeimert.
Notethat whe C(T, i) in equation [14g is 1.Q thatis, when the eimulative probability of
having an individual sole the tail is 10%, theformulais nad valid. In this spe@l case,
the formula becomes simply

E"Tlill
[1b]

Note thatthe specal case will only occur in the lasttrial of an experimert if and only if

al trials (ncludingthe last) wae succesdul.

Section 3.5.1: Hyper Ants, Thoughtful Ants, and Koza’s Ants
Twenty trials with separate s&d numbes were conduded in exch expeimert, and
four expeimerts (testing register numbe and maxmum pag sizes) for each of thehyper

and thoudptful ants (soeight experimerts in total) were conduded usirg the
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implementation detds desdbed earlier in this chater. Theprograms were compiled
usingthe &va 2 vasion1.3.1 PK. The20 sed numbes foreach of the four
expeaimerts tha were given tothe impkementdion ofthe endom nunber generator were
generated using the javautil.Random()class. Thdour experimerts involved ats wih
combindions of theecharacteristics: 4 rajisters with 16 pagemaxmum, 4 registers with
32 paemaxmum, 8 rgisters with 16 pge maxmum, and 8 egisters with 32 pge
maxmum. Tale 3.3 indcates thegeneration & which thehyper and thowghtful ants,
usingregular paging, solved the tail in eah trid of the experiments.

Table 3.3. Mean and mnimum generation & which hyper ants and thoghtful ants

sucaessfully completing thetrail .
|

Hyper Ants
4 registers 8 registers
16pg |32pg |16 pg |32pg
Min. 1,823 | 2,237 | 1,799 | 915
Mean |6,173 |13,901|9,217 | 11,413
Thoudtful Ants
4 registers 8 registers
16pg |32pg |16pg |32 pg
Min. 1,497 | 310 282 2,555
Mean. | 7,086 | 6,744 |5,794 | 10,207
|

Table 3.4 indicges theminimum and.a/erage E-measureresults basd on Table
T TERES. &'+ #$*"#-%!$4,5 46-$-,(0%,)$5* #BDSL+*#,$1/+96$S", B+ $% 0> "+20($
ants of dl varieties were sucessful i dl trials, ad thususe thespedal case in the 20"

trial of each experimert.
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Table 3.4. E-measure(x 1000)/#0(*$2,6'D# /$F*-E$0> "*20(PF-ES+) U35 +6-SF-$2,5
z=0.99.

Hyper Ants
4 registers 8 registers
16pg |32pg |16 pg |32 pg
Min. 174 436 153 167

Mean 280 574 278 276
Thoudhtful Ants

4 registers 8 registers
16pg |32pg |16 pg |32 pg
Min. o8 74 57 130
Mean. 159 117 148 247
4,5 +6-$9*-
With ADFs | Without ADFs
Effort* 136 272

N5 46-%)-measure was basal on letting the ants run to geneation 16 in his
generationd tourrament. His resultsindicate his Mn. meaures.

It is evident from Table 34 that the b&t Emeasure results forthe thoghtful ants,
%)$+((BHES,0%# /2,/&$,5 +6-$-$3%0'$,/$306:0*$?DFs. (This is the firest
compaison,for Koza provides his best seilts for E-measure, not hemean.) Also of
), *#$%)S*"H#8#-0 (= $9*"+* MY S*"#$*",0"*20(P*¥-6$&#)$J-measure in dl cases, bets
4,5 +6-$<#$+)*-$+* S CB?aK-: SSPHSY*-$+4%-% from the implemantation deskdbed in
this wok, by design of the linear GP solution, lak ADFs.) The thowhtful 4 register, 32
page limit ants @en outpeform (based on men E-&#+0/#C$%Hb +6-SF-$* +$0-#$2K-$
(based on hisminimum Emeasure). With the exception ofthe 4 egister, 32 pae
&+QL&EESHS DH | +. *Ub15y*-$P-6+¥,0'CHHHS , & #* %% V#IBH4,5 +6-S)F - $$!"#-15
results ae mirrored exactly when ore looksat the generation & which the slution first

emelges, as isto be apected by examination of theE-meaue formula

Compaing the ypes o ants ugd in the L-GP exeaimerts with one aothe,
notice that the thoulgtful ants smply demand lsscomputtiond effort than the lyper

ants. Notethe thou@tful ant goupwith the worst peformarce (using ether the
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minimum or men E-measurg still does béer than the bst hype ant group (@nsdering
either theminimum or men E-measurg. This result can dso be sen in the generation
results in Table3.3. Oveall, theeis a strog preference for thoughtful ants ower hyper
ants. Theimplication ofthis prderence is tha redundancy gained thiough thoudhtful

ants phys a significant part in produaeng fit individuals.

Table 3.5gives the sie of theinstruction sé of thefirst ant in eah populaton to
-, (VHS"$* /%854, 56-B-0 (- $+HS500VH#) $%) S %), D0 ##$*"8) 0&<#85,2H 1# -$%)$6-$
tree-based soltions;the L-GP sdutions smply indicate numbe of instrudions n the
H*6-$20)+($,/>/ +&:

Table 3.5. Instrudion se size following 50 000 ounds or ompletion ofthe tail.

Hyper Ants
4 registers 8 registers
16 pg | 32pg | 16 pg| 32 pg
Min. 20 16 28 44
Mean | 46.8 | 70.7 | 51.5 | 87.0
Thoudtful Ants
4 registers 8 registers
16 pg | 32pg | 16 pg| 32 pg
Min. 36 44 28 36
Mean. | 50.6 | 87.2 | 43.0 | 76.2
4,5 +6-$9*-
With ADFs | Without ADFs
Effort* 71.7 poins 90.9 poins

It can beobserved from Table 3.5 thathe 4 register hyper ants typically have
shorte solutions han the 4 egister thowghtful individuds, bu the 8 register thoudhtful
ants generate moe swecind solutions han theirhyper counteparts. Theimplication of
this coud be tha thethoudtful ants meke moreuseof ther registers. Bagd on the

dominance of thethowghtful ants n tems of @mputtiond efficiency (E-meaurg and
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thelikelihood that the thouful ants were making moreuse of thar memories, it
becameevident that itwas best to corentrate on meauring peformane of the

thoudhtful ants wih different paging implementations

Section 3.5.2: Thoughtful Ants Using Different Paging | mplementations

Thedifferent types of paging usedin the thouwghtful ants nduded no pging at all
(regular L-GP), egular paging (no dynamic paging), regular paging with aminimum of 8
pages upon nitialization, and dynamic paging. The reason for an implementation whee
each ant has &least 8 mges upon nitialization isthat @s you will seein theresults) the
ants with no paghg outperformed(with respect to E-measure) thoseusing regular paging.
It was postble that the ats withoutpaging might have had an unfair advantageove the
ants usng paging because the ormer would always stat with & least 10%o0f the
maxmum instruction limit when the ldter could gart with as litle as onepage (4
instructions). It can beobsewred from the results that almosho ant with less than 32
instructions ould lve thetral, so b aeate fair competiton with nonpaging ants it
madesensdo let the shatest individud with paging be 8 pages by 4 indructionspage or
32 ingrucdtions bng The E-meaure results of theseexperimerts can be seen in Table

3.6 ad thegeneration in which asolution first apgars an beseen in Teble 3.7.
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Table 3.6. E-measure(! 1000)results for different pagng implementationsof thoudntful
ants.

Thoudhtful Ants withoutPaging
4 registers 8 registers
16 pg | 32pg | 16 pg| 32 pg
Min. 28 24 28 41
Mean 86 119 95 113
Thoudtful Ants with Paging, no Dynamic
Paging
4 registers 8 registers
16 pg | 32pg | 16 pg| 32 pg
Min. 98 74 57 130
Mean. 159 117 148 247
Thoughtful Ants with Paging, no Dyn.
Paging, 8 Page Min.
4 registers 8 registers
16 pg | 32pg | 16 pg| 32 pg
Min. 84 75 89 74
Mean 133 207 170 | 132
Thoudhtful Ants with Paging and
Dynamic Paging
4 registers 8 registers
16 pg | 32pg | 16 pg | 32 pg
Min. 73 78 161 120
Mean 146 193 21 26
0 4




Table 3.7. Geneaation & which different implementationsof thoudntful ants completd

the tail.

Thoudhtful Ants withoutPaging

4 registers 8 registers
16pg | 32pg | 16 pg| 32 pg
Min. 905 | 1,875 | 1,108 | 1,543
Mean | 3,852 | 2,845 | 3,012 | 4,218
Thoudhtful Ants with Paging, no Dynamic

Paging

4 registers 8 registers
16 pg | 32 pg | 16 pg | 32 pg
Min. 619 792 | 2,488 | 2,000
Mean. | 5,186 | 7,350 | 7,747 | 9,885

Thoudtful Ants with Pagi

ng, no Dynamic

Paging, 8 Page Min.
4 registers 8 registers
16pg | 32pg | 16 pg| 32 pg
Min. 756 | 2,368 | 1,793 | 912
Mean | 6,800 | 5373 | 7,188 | 6,363
Thoudtful Ants with Dynamic Paging
4 registers 8 registers
16 pg | 32pg | 16 pg | 32 pg
Min. | 1,819 | 2,001 | 811 | 2,425
Mean | 5905 | 8,997 | 9,386 | 8,073

It can benotedfrom Tables 3.6 ad 3.7 that the tudhtful antswithout paging
aways hadthe kest Emeasure(and wee fastest o find thesoluion). Thethoudtful
ants ha implementeal dynamic paging adways hed the worst Emeaure (and were the
slowest © find thesoluion). It is urclear whether theants ha use egular paging

without the 8 pge minimum ae morecomputtiondly efficient than thos with the

32

minimum, meaning that the anking of thosetwo implementadions béween the best (no

paging) and the vorst (dynamic paging) is une@rtain. Thepeaformarce of the ants n

terms of soltion lengh is gven below in Table 38.
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Table 3.8. Instrudion se size following 50 000 ounds or ompletion ofthe tiil for
different implementdions of thoudptful ants.

Thoudhtful Ants withoutPaging
4 registers 8 registers
16pg | 32pg | 16 pg| 32 pg

Min. 40 29 30 36
Mean | 55.0 | 103.4 | 55.7 | 104.3
Thoudhtful Ants with Paging, no Dynamic
Paging

4 registers 8 registers
16 pg | 32 pg | 16 pg | 32 pg
Min. 36 44 28 36
Mean. | 50.6 | 87.2 43 76.2

Thoudtful Ants with Paging, no Dyn.

Paging, 8 Page Min.

4 registers 8 registers
16 pg | 32pg | 16 pg| 32 pg
Min. 36 44 32 36
Mean | 66.2 | 107.8| 61.6 | 88.4

Thoudtful Ants with Dynamic Paging

4 registers 8 registers
16 pg | 32pg | 16 pg | 32 pg
Min. 21 21 21 25
Mean | 49.4 | 80.6 44, 68.
3 4

Hereit is clear tha theants with no pagng generated thelongest lutions (lecall
they were the ants with the best Emeasure), and the dynamic paging ants (vho hal the
worst Emeasure) generated thesmalkst olutions Theants ha used egular paging
with no hed strt in terms of intia size were aways shorte than the ants that di not
use @ging. Thesefindings may be an indication that theuse @& paging implicitly exerts a
form of pasimory pressure This posgility provides a interesting oppatunity for
furtherinvestation, butthe net step in this workwas to dtlve further into the bedfit of

paging and wheher or nat context was adually being preseved duiing paging.



Chapter 4: Mutation and Crossover Biasing and its
Motivations

In light of the results of the previous chapter, the work from this point forward
focuses on the thoughtful ants. By reviewing the way thoughtful ants led to the above
results during the execution of the algorithm, it seems it is possible to further enhance the
I"#3%8%),! "- (&'.&*".&+0#&F)( &L+0#&E&0"( )" 5& 12! 6/+)&&" 5/"578&8&82/$&
chapter provides an analysis of how different sections of the genome contributed to
performance gain or loss by using two measures: fitness and ! &"©@&,( #)f&! 38.&:mnon-
repeating path.; If context of instructions was insured within pages already, the next step
could be to associate higher-level good search strategies (measured by fitness gains and

exploration) with broader ranges of instructions in the genome.

Section 4.1: The Notion of Fitness Change
Fitness change was simply incremented for each instruction - iteration pair when
the instruction in that pair resulted in a new piece of food being eaten. The trials of the
thoughtful ant experiments all exhibited a similar pattern regardless of register number or
maximum page size, the graph for a typical trial shown below in Figure 4.1. The trial
shown in Figure 4.1 is for 4 registers and a 16 page limit, but the same trend would have
been seen if either 8 registers or a 32 page limit trial were chosen instead. The number of

times a fitness change of a given amount occurs is shown in Figure 4.2.

34
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Figure 4.1. Fitness change for which each instruction, iteration pair is responsible in an
implementation involving pages of size 4. The behavior seen above was for thoughtful 4
register ants with a 16 page limit. Fitness changes of 1 are light gray, those <= 10 and >
1 are dark gray, and those > 10 are medium gray.



36

x10°

18 172905

16

14

- e
o N

o]

number of occurences

5567
1842 119 167 322 1146 899 257 304

0 10 20 30 40 50 60
fitness difference

Figure4.2. Number of times fitness change of given amounts occur in Figure 4.1.

Section 4.2: The Notion of Non-repeating Path

The non-repeating path metric is designed to measure whether or not, during a
particular iteration, an instruction contributes to an ant moving to a new area of the grid
that it has not as yet explored. To do so, an array representing the current 13 ! 13 level of
#2(&HR2$&!"&; &' .&/"&(F 2&$'H (&H 2\ ZE & BB 7 & H K HE(HS&! &I ( &+*&F . >&H2(&
grid is f30$2(.&3(1"7 8B & #H&M/B &I &SI ( . 4&,! ) @E&O/H2&!"&>&#2(" &+
repeating path of the ant is set to 0. If the ant moves and it has not yet visited that square,
the length of the non-repeating path is incremented. For instructions where the ant spins
left or right, a FIFO stack was employed to determine if the ant was facing a direction it

has already faced on a particular square. A typical trial result for non-repeating path
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change can be seen below. Load instructions in thoughtful ants result in no change in the
non-repeating path, since no moving or spinning of the ant is actually performed. A good
non-repeating path length graph would depict minimal instances of non-repeating pathsA
that is to say all food is located quickly. The trend seen in the fitness graph of Figure 4.1
was typical of all trials of the thoughtful ants, whereas the trend seen in Figure 4.3 for
non-repeating path was prevalent, but not as typical as the fitness trend. The result in
Figure 4.3 is for the same trial as Figure 4.1. The number of times a non-repeating length

occurs in Figure 4.3 is shown in Figure 4.4.
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Figure 4.3. Increase in non-repeating path corresponding to each instruction, iteration
pair in an implementation involving pages of size 4. The behavior seen above is typical
of thoughtful 4 register ants with a 16 page limit. Non-repeating paths of length <= 10
are light gray, those > 10 and <= 50 are dark gray, and those > 50 are medium gray.
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Figure4.4. Number of times non-repeating paths of given lengths occur in Figure 4.3.

Section 4.3. Analysis of Fitness and Exploration in Paging Implementations

From Figures 4.1 and 4.3 one can note that fitness (and in most cases, non-
repeating path) change tended to occur in the first portion of the ant$%&/ )" & PR T7 & &
The high count of fitness difference early on, in combination with generally low non-
repeating path lengths, as seen in Figure 4.4, appears to indicate that good search
strategies are being identified. Whether this is a phenomenon unique to paging
implementations naturally deserves investigation. In Figure 4.5 a typical graph of fitness

change for each instruction, iteration pair is shown for an implementation involving no
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paging. The number of times fitness changes of certain amounts occur in Figure 4.5 is

shown in Figure 4.6.
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Figure 4.5. Fitness change for which each instruction, iteration pair is responsible in an
implementation involving no pages. The behavior seen above was for thoughtful 4
register ants with a 16 page limit. Fitness changes of 1 are light gray, those <= 10 and >
1 are dark gray, and those > 10 are medium gray.
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Figure4.6. Number of times fitness change of given amounts occur in Figure 4.5.

It is evident from comparing Figures 4.1 and 4.5 that fitness change is not isolated
#+ QU SHE ' +)# & +&H2 (B Y SEH P #1" & SR A& A&/ S&H2 (&), ("#! #A"$&
involving paging. Fitness change is high at the start of the genome in both figures, but
the fitness changes continue to occur across the length of the genome in the case of the
non-paging ants. Observe that the slope from high to low fitness change is less severe in
the non-paging ants, and thus extends further into the genome. Comparing Figure 4.2
and 4.6, note both more fitness changes occur in the paging ants and there are a greater
number of larger fitness changes. All these larger changes of the paging ants must be
occurring in the small area contained in the steep slope of fitness change seen in Figure

4.1, and the lower number of larger changes for non-paging ants happens in the gradual
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slope of Figure 4.5. If non-repeating path for non-paging ants does not settle as quickly
as in the paging implementation, then the search strategy of the ant is formed over a

larger portion of the genome in the non-paging ants. This result is seen in Figure 4.7 for
the same trial that is displayed by Figure 4.5. The number of times a non-repeating path

of a particular length occurs is shown in Figure 4.8.
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Figure 4.7. Increase in non-repeating path corresponding to each instruction, iteration
pair in an implementation involving pages of size 4. The behavior seen above is typical
of thoughtful 4 register ants with a 16 page limit. Non-repeating paths of length <= 10
are light gray, those > 10 and <= 50 are dark gray, and those > 50 are medium gray.
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Figure4.8. Number of times non-repeating paths of given lengths occur in Figure 4.7.

In Figure 4.7 the slope of non-repeating path is indeed more gradual in the non-
paging ants than the ones that use paging. Also, the change in non-repeating path extends
further into the genome over more instructions. (Compare Figure 4.3 and 4.7.) The more
gradual slopes for both fitness and non-repeating path in non-paging ants indicates that
their search strategies do not seem to be identified early on, but end up being pieced
together across the entire genome of the ant. The non-paging ants also do not exhibit the
low non-repeating path lengths of the paging ants, as seen by comparing Figures 4.4 and
4.8: the paging ants have 168 192 non-repeating lengths under 25, while the non-paging
ants have only 42 147 under 100. In contrast, the paging ants who display low non-

repeating path lengths, in combination with earlier high fitness, appear to identify more
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concisely expressed search strategies. In short, by more concisely constraining fitness
SIS, &I"PO-#A"&SRO("- (S&H RS/ "H] 3&$BH)0H#A"$&+*&&/"./6/.013>&#2 (&I &1 .&

approach appears to consistently evolve shorter solutions.

Section 4.4: Biasing of Mutation and/or Crossover

The San Mateo Trail problem is an example of a strategy-learning problem in
which instruction sequence is significant (recall Section 2.5). As can be seen in Figure
4.1 and 4.5, in the case of the page-based approach, if food is not located by the first ten
moves, then it is likely that a different search strategy will be more successful than that
currently being investigated. This might have implications for the manner in which GP
search operators are applied. Furthermore, in the case of Genetic Algorithms applied to
an optimization problem heavily dependent on initial instruction sequence called the
: Br1-Shop Scheduling Problem; using an indirect encoding scheme, significant benefit
was observed in utilizing biased crossover and mutation operators [4]. Specifically, it was
observed that in the job-82+'&$2(.03/'5 &+"#(<HEMH&+"-&BCH0&:1/ " #A"&+&5(( $&
was identified at the beginning of the individual, then this would have implications for
#2(&E"#(HY&SE(( $&0t ).$&Me end of the individual. Fang ef al. [4] then proceeded to
observe that crossover was therefore more effective at the end of an individual and
mutation more effective at the front. That is to say, the same sequence of genes at the end
of an individual may have radically different effects depending on the gene context given
at the beginning. Likewise, mutation at the initial gene positions ensures premature

convergence of initial gene sequence is avoided.
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In order to investigate whether the L-GP solutions may also be suffering from
premature convergence and inadequate exploitation of crossover in later parts of the
genome, mutation was biased to operate on earlier parts of the genome and crossover to
operate on later parts of the genome. The biasing was accomplished by associating a
probability with each instruction that was equal to the cumulative fitness change at that
instruction divided by total fitness change for all instructions in the genome. If two
instructions had the same probability, mutation would affect the earlier instruction if the
given probability were selected. Crossover applied the same methodology; only
probabilities for pages were found by totaling probabilities of all instructions in the page.
If pages had the same probability and were to be affected by crossover, the later page
would be selected. The generation at which the solution occurred can be seen under the
second heading in Table 4.1. Note that results from the previous chapter for ants
implementing paging with no biasing have been repeated in the top section of each table.

Table 4.1. Generation at which regular thoughtful ants, thoughtful ants biased for

mutation and crossover, or only crossover successfully completed the trail.
!

Ants with No Biasing
4 registers 8 registers
l6pg | 32pg | 16pg | 32pg
Min. | 1,497 | 310 282 | 2,555
Mean | 7,086 | 6,744 | 5,794 | 10,207
Thoughtful Ants, Biased for Mutation &
Crossover
4 registers 8 registers
lopg |32pg | 16pg |32pg
Min. 582 | 1,953 | 1,589 | 1,324
Mean | 8,795 | 8,937 | 6,606 | 11,929
Thoughtful Ants Biased for Crossover
4 registers 8 registers
16pg | 32pg | 16pg | 32 pg
Min. 619 792 | 2,488 | 2,000
Mean | 5,186 | 7,350 | 7,747 | 9,885
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As can be seen by examining the top and middle categories of Table 4.1, the
biasing of both mutation and crossover resulted in the mean solution-finding times of the
thoughtful ants to get worse. Believing the time for solution generation to have gotten
worse due to the affect of biased mutation on the earlier portion of the genome that
caused the beneficial fitness gains in the first place, an attempt was made to only bias
crossover to affect the later part of the genome. These results can be seen in the third
heading of Table 4.1 above, where it is evident that this change did not cause a solution
to appear any faster. (The fastest solution for the thoughtful ants was accomplished after
282 rounds; here the fastest solution appears after 619 rounds.) There is improvement
from the implementation with no biasing when only crossover is biased in the 4 register,
16 page, and 8 register, 32 page ants with respect to both the minimum and mean results.
This improvement is deceiving, though, for the numbers are only based on the trials that
solved the problem, and not all twenty solved the trail in each experiment. This fact is
reflected in the E-measure results given below in Table 4.2.

Table4.2. E-measure (! 1000) Results for thoughtful ants biased for crossover, or both
mutation and crossover, or neither, for z = 0.99.

Ants with No Biasing
4 registers 8 registers
lopg | 32pg | 16pg | 32pg
Min. 98 74 57 130
Mean 159 117 148 247
Ants Biased for Mutation & Crossover

4 registers 8 registers
l6pg |32pg |16pg |32 pg
Min. 134 116 132 160

Mean 209 264 221 275
Ants Biased for Crossover

4 registers 8 registers
lopg |32pg |16pg |32 pg
Min. 71 112 111 160

Mean. 148 175 247 272
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Note from Table 4.2 that both the minimum and the mean E-measure results for
only the 4 register, 16 page limit ants improved from the no biasing case by biasing only
the crossover operator. Observe also that the best E-measure of the trials did improve
following the change from biasing both operators to only biasing crossover (with the
(< ("#/+"&+&H2(&CHIH)>KEF&( &I #&!"#$%& 0/ >&I &#2(&3H&Bcasure
remained the same). The mean E-measure results only improved in the 4 register ants
following the change from biasing both operators to only biasing crossover, but they did
improve considerably. Thus, with smaller instruction sets and register sizes, there does
seem to be some benefit in computational effort from either biasing only the crossover
operator to work on the later part of the genome or stopping mutation from acting on the
start of the individual. Whether or not the biasing of the operators resulted in an
improvement in solution length can be seen in Table 4.3 below. The results for ants with
no biasing are identical to those in the previous chapter.

Table 4.3. Instruction set size following 50 000 rounds or completion of the trail.

Ants with No Biasing
4 registers 8 registers
lopg | 32pg | 16pg | 32pg
Min. 40 29 30 36
Mean | 55.0 | 103.4 | 55.7 | 104.3
Ants Biased for Mutation & Crossover

4 registers 8 registers
l6pg |32pg | 16pg |32 pg

Min. 32 20 28 16
Mean 49.8 83.8 | 414 | 555

Ants Biased for Crossover

4 registers 8 registers
l6pg |32pg | 16pg |32 pg

Min. 36 44 28 36
Mean. | 53.5 | 764 | 42.7 | 66.9
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Here it is immediately apparent that biasing both mutation and crossover results in
superior minimum and mean solution lengths. The mean solution lengths for the ants
only biased for crossover also surpass the ants with no biasing. Comparing the ants
where biasing took place, the ants with 16 page maximums share similar results across
register numbers, and the 32 page ants favor only crossover bias with 4 registers and
favor both crossover and mutation with 8 registers.

Overall, however, perhaps the most interesting result was in relation to
computational effort, or at what generation an ant first appeared that could solve the trail.
When recording the trial results, it was noticed that the better solutions of the ants with
no biasing tended to get worse with the biasing of both operators, and the worst solutions
of the non-biased ants in many cases improved with biasing. For example, see Table 4.4
which notes the generation where a solution first appears in the regular thoughtful ants
and those biased for both mutation and crossover, and whether improvement occurred.
Table 4.4 shows the results for 8 register, 32 page ants, but the same general trend can be
noticed in any experiment regardless of register number or maximum page size. To
observe the tendency for better results to become worse, and vice versa, note not only
whether a performance gain or loss occurred, but whether the original result was one of

the better or poorer solutions in the set with no biasing.
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Table4.4. Improvement in generation where a solution first appears in each of 20 trials
for 8 register, 32 maximum page ants.

Trial No. No Biasing Biasing of Improvement
Mutation & With Biasing
Crossover
1 282 3102 Worse
2 6881 1589 Better
3 7764 5485 Better
4 3722 4277 Worse
5 6284 4757 Better
6 4203 6681 Worse
7 4547 7538 Worse
8 4025 4787 Worse
9 2835 No solution Worse
10 7026 1965 Better
11 14237 3675 Better
12 3660 6746 Worse
13 3891 No solution Worse
14 3418 3511 Worse
15 5539 13190 Worse
16 4843 6092 Worse
17 1966 10883 Worse
18 8924 18681 Worse
19 12436 9343 Better
20 9403 No solution Worse

Thus, the biasing of both operators caused performance to become better or worse

()" B&A"EH2EYSES], 0,&1" $H)OHA"EIA &".&)(5/$4)&33- #7882/ &/&

initially seems to be a negative aspect of biasing of mutation and crossover, the fact that

computational effort needed to find the solutions to the San Mateo trail tended toward the

middle of the road from the original implementation could be of benefit in certain

applications. That is, the biasing might lead to a more robust problem-solving

mechanism in problems where a solution is not as easily found: in the worst trial, perhaps
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where the ant was having the hardest time solving the trail, performance improved. In

order to test this hypothesis the San Mateo Trail was made more difficult.

Section 4.5: Biasing Mutation and Crossover to Solve a Harder Trail
The harder version of the San Mateo trail was created by generating random
integers from a Gaussian distribution and using the first 96 values generated that were in
the interval [-F>&J>&K>&J&F&E number corresponded to one of the pieces of food on
the trail: the negative numbers meant displacement to the left (relative to the flow of the
trail) and positive numbers indicated displacement to the right. The resulting noisy

version of the trail is shown below in Figure 4.9, compared with the original trial, Figure

M7M78&&82 V& YA B(H) B/ 3BLE. 011 (&H2(&I+/HI&BY /F;
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The next step was to allow the ants with no biasing of mutation or crossover to
compete with the ants biased for both mutation and crossover on the noisy trail. The trail
was too difficult to produce an ant that could solve it for any of the twenty trials in each
of these two experiments. Thus, each trial ran a tournament that ended at 50 000 rounds
with a sub-optimal fitness (fitness lower than the full 96 pieces of food). In turn, this

meant that no E-measure for the experiments could be given, for no trials solved the
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problem. However, the top fitness reached by an ant (maximum fitness) and the mean
fitness of an ant over the twenty trials of each experiment is given below in Table 4.5.

Table4.5. Fitness following 50 000 rounds (none completed the trail).

Ants with No Biasing
4 registers 8 registers
l16pg |32pg [ 16pg |32pg
Max. 91 94 91 93
Mean 87.4 87.1 87.6 87.7

Ants with Biasing of Mutation &

Crossover
4 registers 8 registers
lopg |32pg | 16pg |32pg
Max. 91 91 90 94
Mean. 87.6 87.1 86.1 86.1

The maximum fitness reached and the mean fitness after 50 000 rounds for the
ants with no biasing and the ants that were biased both for mutation and crossover is
practically the same for each of the four experiments! This result is nice because it
means that if one implementation is producing more succinct instruction sets, then it is
able to do so without compromising fitness. In other words, the shorter solutions result in
approximately the same fitness as the longer ones. The lengths of the ants in the above

implementations are given below in Table 4.6.
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Table 4.6. Instruction set size following 50 000 rounds (none completed the trail).

Ants with No Biasing

4 registers 8 registers
16pg |32pg | 16 pg | 32pg
Min. 36 52 32 40

Mean 53.6 89.2 50.8 85.6
Ants with Biasing of Mutation &

Crossover
4 registers 8 registers
lopg |32pg | l6pg |32pg
Min. 20 20 24 28

Mean. 49 83.8 | 444 | 67.6

Table 4.6 demonstrates that the instruction set lengths to achieve the fitnesses in
Table 4.5 are clearly better in the implementation where there is biasing of both mutation
and crossover. For equal fitness value, biasing both operators simply yields more

succinct instruction sets on the hard problem.



Chapter 5: Linking Pages to Context

Section 5.1: The Notion of an Instruction Type

Having establshedin paging ants ha fitness anchon-repesating path lengths
undewent most of theirchange in fir st pat of the genome, it has be@ shown in Chapter
4 that redundancy in these grgphs B low. Thais, fithess tiange is nd occurring in a
spread out pattem across the gaph. Theefore, theinstructions hat are bang kept in the
L-GP proess nust be dng usetil things (contributing to fitness or dowing theant to
explore).

Recall that anong the troughtful ants, he ones with dynamic paging had the
shortest olutions,and tho® with no paing had the longst olutions. Theants ha used
regular paging were somewhere in betwesn. Right now, ithas been establshedthat
paging produa@s moke succinct soltions, butrequires morecomputtiond effort (see
Chapter 3). In this chater, an investgation to de¢rmine whether the search stategies
ememing in thegraphs d Chapter4 ae bang kept (retaining contex) throudh paging
instead of being lostin a nonpaging implementation. Thais, if it can beestablshedthat
contex is beingretained in page andcouple it wih the knowledgeof low redundancy
and low soution lenghsfor the pging ants, we would havedemondrated he
constudive properties ofpaging. In dl, paging will not only produce better solutions,
but it will havedoneso byretaining contex within pages.  this chagterdesaibes an
attemptto establishha context is beingretained in pajing implementatiors.

To establsh i contex iskept in agiven implementation,notethe numbe of

occurrences of different ssquences of instuction types in hefinal ant thathas soled the

53



54

trial across the twnty ants produed by an implementdion. $ the instuction sés of the
twenty ants produed by the twenty trials of each implementdion with a maimum page
size of 32 are concaterated and the numbieof times an instruton seuence of agiven
lengh oacurs iscounted. Onethen divides tH total by the total numbeof instruction
sagquences d agiven length in dl twenty ants b normalize the numbeof times the
segquence occurs so that the tlee different implementdions of No Paging, Paging, and
Dynamic Paging are fairly compared. The th!" "#3$%"'%"()*)$+(,-#",.") #("™ /" [#)0$#
normdization snce solution length could valy amongthem: Dynamic Paging solutions
were typically shorest, followed by Paging, and then No Paing. Thoughtful ants wih a
maxmum pag size of 32were usad insead of those wth amaxmum pag size of 16in
order to achievethe lagest amégamated instuction sés posible.

The membes of each seqience set,for the pupo< of identification, were to
reflect the different actions a ant could takevhen pasingthe 12-bit instructions. Ary
$().1)B-(#)0)#A)" [#23) 0 #3tB( 6t [HS(, ). 1 )$+(THL [H8 P& 1O #; <t
$().1)B (CHRUS) U (11SHBA-HB* #H+1'+IH3S@HES(-HS(1)1 ) S (7:4) OHBY2* #+HH& HI#
$(). 1B (CHRUS)H (11 SHBI-#B* H-#'+13" 2)RS(-HS(). 1) F (7:4) O HBY2* #-H08. t
S().1)S- (=24 A" (1#SHIA-H#WBFHR* #H#'+*[1BY+AHS( ). DS (7:#)O(HSH2* #HH)&' #
<HB()1)$-(=H2H)0HS().1)$(#,)!)" 1#2$)0#*9382* #*(HD)#H+(HB+1%*) SHIHIB,) |, 7:#
then it wa a ype 4 indruction. It is notreally possble to diginguish amonglifferent
act-on-register instrudgions baed on the inbrmation in heinstruction se¢. Whileit is
truethat a ant will retrieve information fom diff erent registers baed onwhethertheeis
foodin front of itor nd, tha information ca only bedeemined as the pogram is being

executed: the inbrmation about theype of act-on-register instrudion present depads on



55

the positon of theant at agiven time and cannot be ¢eaned from theform of the
instruction done. Table 5.1 bdow sunmaitizes the methodologfor identifying an
instruction type

Table5.1. Classification of instruction types for determining contex

Start with Ends with Instruction Type
0 (load) 00 (right) 1
01 (I&ft) 2
10 or 11 (move 3
1 (act on register) B+",(-)#%%*))"! 4

Section 5.2: Graphical Results of the Search for Context

Theandysis of context proceeds by passhg through theamalgamated instuction
sd and identifying all the instuction s@uences present of varying lengths: doubles,
triples, quaruples, ad pairs with a wildcard (three instructions wih oneunidentified).
Given the instudion type seqences present, the numberof times e&h occurs in hetotal
instruction sejuence set of thetwenty individuds is cownted and the ountis divided by
the total numbeof instruction s@uences in heset. This provides a nomdized meaure
of how many times the instruoon type seqeence occurs in heamalgamdedset & a
percentage of the total instrudion s@uence set. Hnally, dl the instuction sequences
foundamong the analgamated sets ér the nonpaging, paging, and dynamic paging
implementationsare ordeed and the numbeof times @ch ssquence occurs for each
implementation 5 gaphed. Tales 5.1 ad 5.2 béow provide thenumberof times the
instruction type seqeences of length 2 accur in theamalganated instuction sds of the

non-paging, paging, and dynamic paging experimerts.
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Sequence

O No Paging
@ Paging
0O Dynamic Paging
2 30
]
5 25
2 20
g 15
-
s 10
[
g 5
c
8 0-
a 11 12 13 14 21 22 23 24 31 32 33 34 41 42 43 44

Figure5.1. Instrudion pairs present in 20 Tials for thoudntful, 4 register ants with a 32

page maximum instrudion limit.
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O No Paging
B Paging

O Dynamic Paging
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Percentage of Total Instructions

I e ] o o o [ o) oty

IE

ATl

11 12 13 14 21 22 23 24 31 32

Sequence

33

34

41 42 43

44

Figure5.2. Instrudion pairs present in 20 Tials for thoudntful, 8 register ants with a 32

page maximum instrudion limit.

Before noting pdterns, itis usful to consder thesame results for the sequences

of 3 that @e present. The results wee gathered in the sane manne as for the seqeences

of 2. In tables 5.3 &ad 54 bdow, the numbeof times the instruoon type sequences of

lengh 3 (thetriplets) occur in the amalgamatel instrudion seés of the norpaging,

paging, and dynamic paging experimerts is shown.
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O No Paging
@ Paging

0O Dynamic Paging

Instructions

Percentage of Total

Sequences

Figure5.3. Instrudion triples present in 20 Tials for thoudtful, 4 register ants with a 32
page maxmum instrudion limit.

O No Paging
@ Paging

O Dynamic Paging

Instructions

Percentage of Total

22233333333333333334444444444444444
44411112222333344441111222233334444
23412341234123412341234123412341234

Sequences

Figure5.4. Instrudion triples present in 20 Tials for thoudhtful, 8 register ants with a 32
page maximum instrudion limit.

Theinstudion seuence quadruplesgraphs hal to bedivided into 4 pats to
accommodéae thelarger numberof 4-digit combinaions ha are possbleC and do
appearC in theamalgamated nstrudion sés of the 3 impmentdions. Thegrgphs ae
constucted & per thedouble and triple seqeence graphs dove butare divided into four
S D)S(OHES" (L #)0)# F)#H2$) 04393 #B<:#(] #B-=HHGOH" ") 1 I"HBA"(HB+2HS(#

Figures 5.5 ad 5.6.
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@ No Paging
B Paging

O Dynamic Paging
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Figure5.5. Instrudion quadruples pesent in 20 Tials forthowhtful, 4 regis
axmum ins
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Figure5.6. Instrudion quadruples pesent in 20 Tials forthoughtful, 8 register ants wih

a 32 page maxmum instrudion limit.

For the ina graph, sejuences corsiging of instruction pars plusawildcard ae

'8.) (", HHPHBH

HHCB2S1AHS HI&Y " ()" 1+ #(#S()). 1)$- (HP& 1BA=1#

1+(9" 1"

paternsgleaned from Figures 5.1 b 5.6 @n betested ly addingthe possibity of a

wildcard to the squence. If the paternsreflect a real phenomeon ofcontext-saving,
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they shoutl remain pesent when meging different sequaces to ke represented & one

which incomporates a urknown digt. Theresults ae bdow in Figure 5.7.

=
o
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Instructions
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(wildard indicated by '0')

Figure5.7. Instrudion pairs with a widcard present in 20 Tials forthoughtful, 4 ragister
ants with a 32 pge maxmum instrudion limit.
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I
111112222222233333333444444414
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Sequence

(wildard indicated by '0")

Figure5.8. Instrudion pairs with a wildcard present in 20 Tials forthoughtful, 8 register
ants with a 32 pge maxmum instrudion limit.

If paternscan beobserved in the paging implementationsin ary oneor more of

the gaphs, hen this will indicate tha a serch stategy of some kind is present. Frst let

us cansiderthe paterns @mmon to all hiree implementationsthat ae represented.

Obseving the pa, triple, and quaruple graphs Figures 5.1 b 5.6)sone general

paterns @n be noticed. In all implementations pesking seens © occur when thee are

two or morecon, " L)SASBF#5)2+##00+1# D) #+(H @,) 1#S()\. DS (,7#S(#" E." (1" =##
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H+2" A"l:#)OR&® | #)" (J#)+#8"# + 2#S(#) 'R, ™ (1" #) 0*)#8 GIH 2 N)H1BO#+ B, - =tHHHH!
Anothe patern can be noticed by consdering the seqeence nunericaly, thet is,
concaterate thedigits in he seqeence and let itrepresent an intger numbe. Obseve
that the lager thenumbe becomes, thdnigher the pesks. For instane, thelast peks in
each of Figures 5.1 b 5.6 ae the lagest pesks foreach implementation. Fgures 5.7 ad
5.8that show esults for sequences including wildcards @nfirm high peaks for seqeences
0*AS(@0"#&+, SBBH+ () $($(@)2+1+(,"1 )SAHE-=#HEE." (1" #8" B ($(@2$)0#*#

SOH+ SN Y +H1+(BO0"H)+HEE: +1$9"1H2S) OH 2H&* | HKHIKE " HLMHIHL=N

Section 5.3: Numerical Results of the Search for Context

The meauring of contex was to dtemmineif the paging implementationswere
retainingcontex tha was log to the norpaging implementdions duringcrossove.
Examining Figures 5.1 hroudh 5.8,note that the odeis most $read out acoss the
different sequences in theregular paging implementation, folowed by (in order) the
dynamic paging implementation and the the norpaging implementation. In an atempt
to represent this olseved trend nunericaly, thenumberof maximum, mnimum, and
middle peks for which each of thethree implementationsis responsble ove each set of
sequences was recorded. Themaxmum, nminimum, and middk criteria are constued
strictly: a mximum pe& is geater than (>) al othes, a minmumis less han (<) all
othess, andamiddle pek is both geaterthan(>) oneof theothes and lessthan ) ore

of the othes. Here are the results forFigures 5.1 © 5.8, epresented in Tdles 5.2 b 5.5.



Table 5.2. Numbe of maximum, mnimum, and middle peks forwhich each
implementation B responsble in sone seqence of 2.

Thoudhtful, 4 Register Ants with a 32 Pag Maximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 5 5 5
Minimums 3 7 5
Middles 7 3 5
Thoudhtful, 8 Register Ants with a 32 Pag Maximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 4 7 4
Minimums 11 3 1
Middles 0 5 10

Table 5.3. Numbe of maxmum, ninimum, and middle peks forwhich each
implementation isresponsble in sone seqeence of 3.
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Thoudhtful, 4 Register Ants with a 32 Pag Maximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 20 24 20
Minimums 23 17 24
Middles 21 23 20
Thoudhtful, 8 Register Ants with a 32 PagMaximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 11 31 22
Minimums 44 10 10
Middles 9 23 32

Table 5.4. Numbe of maximum, mnimum, and middle peks forwhich each
implementation B responsble in sone seqence of 4.

Thoudhtful, 4 Register Ants with a 32 Pag Maximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 61 86 88
Minimums 76 59 74
Middles 64 57 72
Thoudtful, 8 Register Ants with a 32 PagMaximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 57 101 80
Minimums 104 47 49
Middles 44 68 88
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Table 5.5. Numbe of maxmum, mnimum, and middle peks forwhich each
implementation B responsble in sone seqence compo®d of apar plus awildcard.

Thoudhtful, 4 Register Ants with a 32 Pag Maximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 12 27 9
Minimums 19 13 16
Middles 17 8 23
Thoudhtful, 8 Register Ants with a 32 Pag Maximum Instrudion Limit
Non-paging Regular Paging Dynamic Paging
Maximums 12 22 14
Minimums 23 11 9
Middles 10 12 21

Notefrom Tables 5.2 tb.5 that, indepedent of numberof registers, in every
casebut one in theight experiments presented, he paging implementation had the
greatest nunber of maximums. In the oneoffending case the pging implementdion
was closeto tying for top spot the highest was dynamic paging with 88 peks, paing
had 86.) This means ha for each seaience, it was mos likely that the hghest pe&
bdonged to the pging implementdion. This § a god indcation that thepaging
implementation B cieating code that s&es contexC the pajing implementaion isending
up with a lage numbe of maximums ty utilizing moresimilar sequences a providing
higher periodicity in the code

Onemay argue that haingthe lagest nunber of maximums meas ha the
$UR %" ()*)$+ (- #) #¥1" #]" A+)BTH) ++HI O PH) 1" #)+#&YS L. WS (). 1), #4(/#
are thusnot speading out their codeamong the fquences dter al. Eviderce that ths is
nota sound agument @n beganed from genera inspedtion of Figures 5.1to 5.6: the
paging implementation s clealy spreading out its codeove the sequences present more

so han the norpaging implementdion. Also, onanustconsder tha if the paging
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190&" %" ()* )$-(- #7() #2" 1" #1).*" 6#"A+)B@ %o+ Y+2#)BIHY" #)+HL)*S(H E." (1", #
anotherimplementationwould mostlikely rival it for the lagest nunber of maxmums
across the ght experiments. It is also obswable from inspetion of Figures 5.1 © 5.6
that the pging implementation has darge number of peaks where the other
implementationshave very low peaks or no gaks at all.

Consdeing the numbeof minimums ndependent of register numbe, in every
casebut three in the eight experiments, e paging implementation has the lovet nunber
of minimums (oris tied for that posiion, @& ocairs on@). This trend could indicae the
flipside of thecause given for thegreatest nunber of maximums tend: by concentrating
+(#,&"1$?$28-#1" #,'E" (1"s, all ohers will naturlly be explicitly pendized.
Conveasdy, the norpaging implementation has t mostminimum pe&s. Thislikely
indicates thathe nonpaging implementationmaximizes this numberof low peaks by
having high pesks by alarge mamgin.

What about the midd pesks? Here, the d/namic paging possesss thegreatest
numberof middle vauesin 6 outof the8 experiments. The ofending cases wae low
register numbe, low sequence length cases: 4 egisters with seaqience lengths d 2 and 3.
By inspetion, onecan see that d/namic paging does notdistribute across tle seqeences
as wdl as regularpaging, but boh surpas norpaging. It seems ha thedistribution
occurs for thedynamic paging for a different reason han regular paging, and tha reason
leads b mid-sized pesks canpaked to he othe implementdions forthe sguences where
the peks ae present. It is likely that regular paging ends upwith a moe even
distribution by stating with and keeping a page size of 4 throuchout he algorithmC this

leads D resauing code thrown out with he smalkr page sizes that pendically occur in
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dynamic paging. (Recal dynamic paging cycles throudn pages skes 1, 2, ad 4,
switchingwhen aplateau is enounteed. See Chapter 3 for more ddails.) Thus egular
paging ends up wih the geatest nunber of maximums and lowst nunber of minimums,
in effect conentraing on aeating speific code periodicities fom the otset. Dynamic
paging, on the otlr hand, stil provides peiodic codebut is notas biased.

In any case, thee are pdterns iepresenting search straegies tha are evidentfrom
Figures 5.1 b 5.8 ad thenumeircal analysis of those fgures in Tables 5.2to 5.5.
Furthemore, paging implementationsof bah flavors ke context if the trends see ae
explainal & abwe and the evidene for the arguments providd is comp#ing. So how
can onebe surethis savihg of thecontex is a god thing? Reall the motvation for this
investgation piovided inthe rst paegraph of this chater. onecan see that the contex-
saving is ddng good things from the lowredundancy in thegraphs n Chater4. Thais,
the pa@ing ants havehecontex retained in thar genome, and theants gain fitness or
explorethe tail quite well in theinitial portion oftheirgenome. Theants ha do not
have the ontext retained (donot ue paging), solhe the tail inefficiently usng mostor
all of thar genome 6s esablished in Chgpter4). So if the paging antsare keeping
contex of instuctions trough paging, then thiscontex-saving mustbe how paing

provides theants with the moreeffectively coded soluions b the tral.



Chapter 6: Conclusions

Section 6.1: Page-Based L-!I" #$%&3 *+%#. . -based GP

In Chapter 3 the page-based L-GP implementation of the San Mateo Trail is
" #RO&Y() *!($ +,-)% "I(.+(/+0) 1#(+&&*)3(:%Y-based GP implementation of the problem.
The two implementations are matched in relevant respects to allow comparison of results,
described by three metrics: E-measure (computational effort), generation when a solution
first appeared, and solution quality (solution length). The implementation involved a
number of ant types created by combining parameters. Any combination of 6 different
traits was possible: hyper vs. thoughtful (activeness of the ants), 4 register vs. 8 register,
and 16 page vs. 32 page maximum instruction set size.

All ants completed the trail in the experiments performed, and E-measure results
for the thoughtful page-based L-45()* #(#6%9##(7+#"¢+&/+0 ) 1#(.%'based GP ants with
)¥19&.7+6 (;; <#()#'!(+*(+6%0 #.(=,&&, 6,>(Yo#63()*! (/+0) 1#("#.(R*&, 6,>(
results. Also, the thoughtful ants mean E-," )#6%"?"*("™ ).(/+0) 1#("#.(&*&, 6,>(

UHEH(BHLH(SDEL: ;< #A((BTIG "%OH(9" WS -".&. &2"(RT(I+0) B()* #(H#(9"33

Section 6.2: Superiority of Thoughtful Ants in the L-GP Implementation
Among the ants used in our implementation, the thoughtful ants simply demanded
3"#H&H-6. ).&*) 3("8+%7)*(.7" &Y Yi+6*."%) Yo . #A((B7+&7.863()#1(9+%.(D
) H#HEUR"%8% ) *$" (9) #(H&I(M.."%.7)*(.7" (TG "% A#1("#.(Dmeasure performance.
Also, solution length results indicated that the thoughtful ants were making better use of

their registers.
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Section 6.3: The Benefits of Different Types of Paging in L-GP

Based on the preference for thoughtful ants over hyper ants, different
implementations of thoughtful ants were compared. Ants using no paging, paging with a
fixed page size, and dynamic paging were compared. It was established that ants using
no paging had the highest E-measure, followed by regular/fixed size paging, and then
dynamic paging. In terms of succinctness of solution (solution quality), dynamic paging
was clearly superior, followed by regular paging, and then no paging. These results
indicated a clear trade-off between E-measure and solution length, and lead one to

wonder if paging exerts a form of parsimony pressure.

Section 6.4: Examining How the Ant Performed

In an attempt to investigate how the ants of different L-GP varieties were arriving
at their solutions, we devised two measures: fitness change and non-repeating path.
Fitness change is simply the amount of food eaten; non-repeating path was designed to
measure the degree to which the ant was exploring the trail. We discovered that the ants
that used paging were doing the great majority of their exploring and food eating due to
instructions in the first part of their genome. The exploring and fitness change was not
spread out across their genome like the non-paging ants, and thus the paging ants
exhibited low redundancy. The results also reinforced our suspicion that instruction
sequence is significant to the solving of the San Mateo Trail: the graphs created indicated
that if food was not found within approximately the first ten moves, then another strategy

would be more beneficial for the case of page-based L-GP.
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Section 6.5: The Benefits of Biasing Mutation and Crossover

The indication that order of the instruction sequence was important to the San
Mateo Trail led to the idea that it could be beneficial to bias mutation to occur in earlier
parts of the genome and crossover to occur in later parts of the genome. Significant
improvement had been realized by Fang & al. [4] by applying this biasing technique to a
GP solution to the job-shop scheduling problem, another problem in which the sequence
of the instructions in the solution is important. Applying biasing of both operators to the
San Mateo Trail problem resulted in superior minimum and mean solution lengths
compared to the other implementations that only biased crossover or were non-biased. In
terms of E-measure, a ranking of the implementations with respect to biasing type was
not clearly discernable. However, it appeared that there was some benefit to biasing only
the crossover operator in ants having small instruction sets and register allocations.

An important result of the work in this chapter was the observation that the
biasing of both operators resulted in the better or mediocre solution-finding time of the
non-biased ants to get worse, and the bad times to get better. In the worst trials of the
non-biased ants, perhaps where the ant was having the hardest time solving the trail,
performance (in terms of generation when a solution appeared) improved with the
biasing. This meant that the biasing could lead to an implementation that was robust to
solving hard problems. The San Mateo Trail was altered to make it more difficult by
displacing food one or two blocks left or right according to a Gaussian distribution. The
biased ants, in terms of final fitness, performed on par with the ants that had no biasing
on this noisy trail. However, the instruction set size of the partial solutions of the biased

ants was significantly better than the ants that were not biased. This meant that biased
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ants led to better solutions for the same fitness value and computational efficiency

expense as the non-biased ants.

Section 6.6: The Search for Context

An attempt was made to prove that page-based L-GP gets its impressive solution
length results compared to non-paging implementations by keeping context within page
boundaries. To this end, the presence of sequences of particular instruction types in the
amalgamated instruction set of all experiment solutions for an implementation was
determined. This way, whether or not a particular implementation was holding on to a
particular instruction sequence could be observed by counting how many times the
sequence occurred in its amalgamated set.

By general inspection of the graphs it was apparent that the paging
implementations were spreading their code out over more sequences than the non-paging
implementations. This meant that the paging implementations were providing more code
regularity than in a non-paging solution. The regular paging implementation provided
the highest examples of code patterns: it had the highest number of maximum peaks and
lowest number of minimum peaks over all sequences. By inspection of the graphs, the
dynamic paging implementation seems to spread itself across specific sequences to a
lesser degree than regular paging. Also, it seems to spread itself across the sequences by
having the greatest number of mid counts. It is thus less specific than regular paging,
which makes sense due to the cyclical presence of low page sizes in dynamic paging.

Finally, the no page L-GP case returned the most minimum counts for periodic code,
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indicating the least organization of specific strategies involving repeated code
combinations.

In any case, the preservation of sequences in the paging implementations indicates
that context is occurring during paging. Furthermore, this saving of context appears to be
a good thing: we know this from the low redundancy in the graphs designed to measure
fitness change and exploration of the ant. Thus, the material that is being saved in virtue
of paging is doing good things by contributing to fitness or letting the ant explore whilst

also resulting in succinct solutions.

Section 6.7: Summary of Contribution and Future Work

This work explored the benefit of applying page-based L-GP to a strategy
learning problem. The experiments established the superiority of that technique to
traditional tree-based GP for the San Mateo Trail problem, and proceeded to examine the
effect on performance of changing register counts, maximum instruction set size, and
activeness of the ants within the different page-based L-GP implementations. Two
metrics were introduced to gauge fitness change and exploration being done by different
sections of an ants genome, and this lead to experimenting with biasing mutation to
operate on the start of the genome and crossover to operate on the end. It was then
discovered that this technique led to a succinct solution-producing mechanism for
particularly hard problems. The presence of context was investigated, and coupled with
fitness change and non-repeating path results, to make a case that page-based L-GP
crossover is beneficial and leads to better solutions through aligning context within page

boundaries.
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One of the keys to the future of the page-based L-GP process is its low memory
overhead due to the constrained crossover operator. Broadly speaking, the future benefit
of this research lies in the construction of modular applications using this new L-GP
technique. The more that is understood about L-451#()&B&"#}!(6*!" 9EE 2(
functionality, the better equipped will be those who design the applications. Future work
on page-based L-GP research itself will involve an implementation of page-based L-GP
that uses a basic assembly-language type instruction set (jump, compare instructions, &
cefera) similar to the instruction set used by Heulsbergen [5] for the evolution of program
iteration in GP. The power of GP to generate iteration when it is not even provided in the
functional set tells of great opportunity for page-based L-GP. If pages do create context
by aligning code with page boundaries, the building blocks that are created in pages
could be re-usable subroutines. A GP using page-based L-GP would seem to be able not
only to evolve iterative techniques, but evolve subroutines using iterative techniques or
even subroutines connected by iterative techniques. This new L-GP technique can lead to
the evolution of structured code, instead of a solution consisting of a single huge,
inefficient procedure largely filled with useless instructions.

Another focus of this work was an exploration of ways of using page-based L-GP
to generate more succinct solutions to problems than were possible using previous GP
techniques. In Chapter 3 it was discovered that ants that used regular paging with no
head start in terms of initial size were always shorter than the ants that did not use paging.
Here findings may have been an indication that the use of paging implicitly exerts a form
of parsimony pressure. A future experiment which comes to mind to explore this idea

would be to test what happens if the overall instruction limit is increased in both the
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paging and non-paging implementations. This would allow one to determine whether L-
GP without paging continues to get longer with improved E-measure while page based L-
GP gets worse, or vice versa.

One might also note that this work had to introduce some new metrics in the form
of fitness change and non-repeating path across instruction number and iteration number.
Also introduced were methodologies for attempting to determine if context is present.
The quantification of such a thing as surrounding context is very difficult, and future
work will also include an examination of new measures for context. If the context can be
quantified in an appropriate way, it could even be used during program execution to
guide evolution of partitioned code.

In this work, a page-based L-GP with biased mutation and crossover was
discovered to be robust to handling hard problems where little or no strategy seemed to
be present as a solution. It would be useful to discover at what degree of hardness such
problems warrant the application of this new implementation. This leads to questions of
how best to measure the hardness of the problems, and when the use of this
implementation is worthwhile. Perhaps it would even be possible to determine at run
time whether biasing should be activated. The ability of the biased page-based L-GP to
solve especially hard problems is an interesting development meriting further

investigation.



73

References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

"#$ %6&'() *+#'(,$"$-&() /0#/122 &"#34(B'-&6$7(890%8&0™(1791". $A(&"(
Gendic Programming, vol. 1, MIT Press, Gmbridge, MA, pp. 1:20, 1996.

Banzha, W., and Langdon, W.B., Some Conglerations on he Reason forBloat,
Gendic Progranming and Evolvable Machines, wl. 3, pp. 8191, 2002.

Chdlapilla, K. Evolving Canputer Progams withoutsubtee Crossove, IEEE
Transadions on Evolubnary Computtion, vol. 1, no. 3, pp. 20916, 1997.

Fang, Hsaio-Lan, Rass, Rter, and Cane, Dave. A Promising Genedtic Algorithm
Approach to bb-Shop Sheduling, Resheduling, and Op&-Shop Sheduling
Problems, Roceedings o the Fifth Internaiond Conference on Genetic
Algorithms,pp. 375382,1993.

Heulsbegen, L. Toward Smulated Evoluion of Machine-Language Iteration,
Proceedings of theConference on Genetic Programming, pp. 315320, 19%.

Heywood, MI. and Zincir-Heywood,A.N. Rejister Based Genetic Programming
on FPGA based Cusom Computng Platforms, 3¢ European Corference on
Gendic Programming. Poli R. € al. (eds), Lecture Notes in Gompuer Science,
1802 Springer: Berlin, 2000, pp. 4469.

Heywood, M., and Zincir-Heywood, AN. Page-Baseal Linear Gendic
Programming, Systems, M, and Cybernetics, 2000l[EEE Intemationd
Conference, pp. 38233828, O¢ober2000, pp383-3828.

Heywood, M., and Zincir-Heywood, AN. Dynamic Page Based Crossoer in
Linear Gendic Programming, IEEE Transations n Systems, Man and
Cybernetics: Part B, 323), June2002, pp 368-388.

Koza, JR., Gendic Programming: On the Prgramming of Compuérs by Means
of Naturd Selection, MIT Press, Gmbridge MA, 1992.

Koza, JR., Gendic Programming |l: AutomaticDiscovery of Reusable
Programmes, MIT Press,Cambridge, MA, 1994.

Langdon,W.B. Sze Fair and Homologus Tree Crossoves for Tree Genetic
Programming, Genetic Programming and Evolvale Machines, vol. 1, pp. $120,
2000.

Langdon,W.B., and Poli, R. Why Ants ae Hard, Technicd Report: CRSP-98-4,
University of Birmingham, pp. 116, Anuay 1998.



[13]

[14]

[15]

[16]

[17]

[18]

[19]

74

Nordin, JP., Evolutionary Program Indudion of Binary Machine Codeand its
Applicatoins, Krehl Verlag, Minser, 199.

Nordin, JP., A Conpiling Genetic Programming system ha directly manpulates
the mahine @de, Advance in Genetic Programming, Volume 1 MIT Press
Cambridge, MA, 1994, p. 311331.

Nordin, JP., and Banzha, W. Evolving Turing-Complete Progams fora
Register Machine with Self-modifying Code, Proc. 6" Int. Conf. on Genetic
Programming, pp. 318325, 1995.

Nordin, JP., Banzhaf, W., and Francone, F.D. Hficient Evolution of Machine
Codefor CISC Architectures, Advances in Ganetic Programming, Volume 3,
MIT Press, Gmbridge MA, 1999, pp. 275299.

Press, Willian H., Teukolsky, Saul A., Vetterling, William T., and Hanney, Brian
P. Numeica Recipes inC: TheArt of Scientific Computng, 2™ ed., Canbridge
University Press, Gmbridge, UK 1992.

Teller A., TheEvolution of Mental Modéds, Advance in Genetic Programming,
Volume 1 MIT Press, Gmbridge MA, 1994, ppl199-220.

Wilson, G.C. and gywood, M. CrossoveContex in Page-based Linear
Gendic Programming, Proceedings of the 2002IEEE Candian Confeence on
Eledrical & Computer Engineering, pp. 809814,2002.



