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Abstract 
 

This work explores strategy learning through genetic programming applied to 

artific ial ants that must learn to navigate the San Mateo Trail .  The individuals in 

the problem arise from linearly-structured Genetic Programming, or L-GP, and 

their performance is compared to the traditional tree-based GP solution to the 

problem.  The work examines a number of properties of the L-GP ants, including 

memory size, maximum instruction set size, constraints applied to the crossover 

#E;<.&#<)GD. ((; /) HE.%9+%I J-).+/)"#K). D&95;)&";).+&,).<;6))>;&<9D,)'#<); 5. ($.&9#+)#')

the fitness accumulated and exploration done by particular parts of the genome 

during evolution are presented.  The analysis motivates the creation of an 

implementation robust to solving particularly hard problems where no strategy is 

readily available.  A numerical and graphical analysis of the context of 

instruc&9#+,)9+)&";).+&,2)%;+#F;)9,).(,#)$+/; <&.L; +-).+/)9&)9,).<%$; /)&".&)E.%9+%)9+)

L-GP produces better solutions through retaining context within page boundaries. 

 

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

Strategy Learning, San Mateo Trail  
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Chapter 1: Introduction 
 
 
 

Section 1.1: Motivation 
 

 Traditionally, the field of Genetic Programming, or GP, has involved using 

Darwinian concepts as search techniques on populations of programs represented as trees.  

The performance of tree-based GP has come to be challenged in the recent past by the 

power of GP as applied to linearly structured individuals, which are essentially 

populations of assembly or register-level language programs.  This Linear-GP (L-GP) 

technique has variants, one of which is proposed by Heywood and Zincir-Heywood to 

simplify the genetic search operators applied to earlier attempts at L-GP.  The 

performance of this new L-!"#$%&'%()*#+%,,- .#/0%1- -based L-!"*2#3 %4#4563(#)6#0&6.7+-#

distinct and often eff icient results compared to earlier GP techniques on a series of 

benchmark problems [8].   

 However, none of the benchmark problems in the original study actually had the 

individuals learn a problem-solving strategy.  This work examines the robustness and 

possible power of page-based L-GP on a difficult strategy-learning problem using a 

number of different search parameters.  The performance of the page-based approach is 

examined using several metrics: length of final solution (to measure succinctness or 

quali ty of the solution), computational eff iciency of the algorithm, and the speed at which 

a solution is located (closely related to computational efficiency).  It also endeavors to 

determine whether the new type of crossover operator used in this L-GP technique has 

the ability to cause sections of the code making up the individuals to develop context, 

thus creating possibly reusable blocks of code.  In addition, a modification to the page-
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based L-GP approach is shown to be robust to particularly hard problems where a 

strategy is not easily found or is essentiall y non-existent. 

 
 

Section 1.2: The Problem!The San Mateo Trail 
 

 A choice of strategy-learning problem was necessary, and The Artificial Ant 

Problem (wherein the ant navigates a trail  of food) was chosen, for it is considered to be a 

challenging GP benchmark problem whose difficulty level is comparable to real problem 

spaces [12].  The San Mateo Trail  version of the problem is the harder of the artific ial ant 

problems [9], a family including the John Muir Trail , and Santa Fe Trail , and the Los 

Altos Hill s Trail .  In the traditional form of the San Mateo Trail  problem, the trail  

consists of nine 13 x 13 toroidal grids wherein the trail  may have five different types of 

discontinuities [9].   Koza, to save computer time, altered the problem: the trail  is divided 

into 9 parts (fitness cases) of 13 x 13 grids, the grids are not toroidal, touching the edges 

of the non-toroidal grids terminates a fitness case, and moving onto a square containing 

food throws program execution back to the beginning.  The San Mateo Trail  as used in 

this work is given below in Figure 1.1. 
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Figure 1.1. The San Mateo Trail  according to Koza. 

The ant can spin left or right 90 degrees, or move forward.  There are 96 pieces of 

food altogether on the trail , and an ant84#9')(- 44#'4#)5-#(7:;-&#69#966.#0'-+-4#-%)-(  in all 

parts of the trail .  An ant finishes with one of the nine parts (fitness cases) of the trail  if 

the ant either touches the electrical fence (it touches the edge), makes a total of 120 right 

or left turns, or moves 80 times.  The ant always begins each 13 x 13 grid in the middle of 

the top row, facing south.   
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Section 1.3: Sections 

 In Chapter 2, a general overview of Genetic Programming as a part of 

Evolutionary Computation is provided.  The history of genetic programming leading to 

the implementation of page-based L-GP is presented, and a discussion of the issues 

implicit in using the search operators associated with a number of GP techniques is also 

given.  In providing this background on the motivations behind this work and the use of 

page-based L-GP in general, a survey of lit erature related to this work is present in that 

chapter. 

 Chapter 3 presents the implementation of the page-based L-GP solution to the San 

Mateo Trail  used in this work, including ant instruction interpretation, structure of the 

individuals used, and the initialization of the algorithm.  Differences between the original 

tree-based GP solution to the trail  and the page-based L-GP solution are presented, and 

the performance differences between the two are assessed.  More specificall y, 

performance metrics in the areas of solution length, generation when a solution appears, 

and computational efficiency are discussed.  We also compare performance of the page-

based L-GP implementation using different parameters: two types of ants are compared 

(varying in activeness), and ants with different sized memories and maximum instruction 

set sizes are compared. 

To examine the way the solutions that lead to the promising results in Chapter 3 

were generated, Chapter 4 presents two new metrics to evaluate fitness gains and 

-<0,6&%)'6(#69#)5-#)&%',#.6(-#;=#4-+)'6(4#69#)5-#%()48#1-(6:-4#.7&'( 1#-$6,7)'6(>##?-#

compare the fitness and exploration performance metrics with those of non-paging ants, 

and proceed to subject the paging ants to biased mutation and crossover in hopes of 
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boosting performance.  The rationale behind this biasing as presented by Fang, Ross, and 

Corne [4] and its connection to the performance metrics is also discussed.  The results of 

the biased ants on the San Mateo Trail  in terms of highest fitness reached and final size of 

instruction set for the partial solution are given.  The results prompt the creation of an 

even harder trail  than the San Mateo, and the biased ants performance is again measured. 

Chapter 5 discusses an attempt to identify whether or not the pages in the page-

based L-GP approach contribute to the creation of good search strategies by keeping 

context within page boundaries.  To this end, a graphical examination of the presence of 

certain instruction sequences across regular paging, non-paging, and dynamic paging 

implementations is presented.  Next is provided a more solid numerical analysis of the 

presence of context with an accompanying argument that paging implementations cause 

retaining of context in building blocks of instructions.  By end of Chapter 5, the work has 

culminated in a demonstration of the benefits of page-based L-GP, and their underlying 

causes in terms of context-preservation, fitness change, and exploration.  

Some of the results from this thesis appeared as a conference publication at the 

2002 IEEE Canadian Conference on Electrical and Computer Engineering and received 

the best paper award in the category of AI and Computer Hardware [19]. 
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Chapter 2: Literature Survey and Background in Linear 

Genetic Programming 
 

Section 2.1: Traditional Genetic Programming 

 Genetic Programming is a subset of search and optimization techniques which fall  

!"#$ %&'() *&+,&-) ..$#&/012.!*+2")%3&4256!* )*+2"7&89:;&<he techniques referred to as 

/ 012.!*+2")%3&4256!* )*+2"7&)%$&52*+1)*$#&=3&*($&>) %'+"+)"&-2"- $6*&2?&")*!%).&

selection.  In such techniques, as in biology, there is a population of individuals.  The 

individuals in the case of evolutionary computation represent candidate solutions to the 

particular problem that is being investigated.  The individuals in this population are 

%)"@$#&!,+" A&'() *&+,&-) ..$#&)&/?+*"$,,&?!"- *+2";7&&BA)+"C&),&+"&=+2.2A3C&*($&?+**$,*&

individuals are biased for selection as parents used to create a new population of 

solutions.  The way this occurs is through the manipulation of genetic material making up 

the parents to create children who replace some of the individuals originally in the 

population.  Thus, the size of the population does not change.  A generation has been 

completed when the number of parents selected and children created equals the number 

of individuals in the population. 

   Evolutionary Computation techniques are distinguished from one another due to 

three main factors [1]: structure used to represent individuals, the methods used to create 

new individuals, and how the fitness of the individuals is evaluated.  In Genetic 

Programming (the technique used in this work) the structure of an individual is 

executable code, and the $D$-!*+2"&2?&*($&6%2A%)5 &#$*$%5+"$,&)"&+"#+1+#!) .E,&?+*"$,,;&&F"&

traditional GP, the executable code took the form of a tree structure as created by John 

Koza [9].  The instructions consisted of a Terminal Set comprised of zero argument 
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instructions and a Functional Set comprised of the instructions with one or more 

arguments.  In the tree-structured genetic programming technique, the members of the 

Functional Set are always the internal nodes of the tree and the members of the Terminal 

Set are always at the leaves of the tree. 

 Two main operators are responsible for the actual creation of variation in the 

population: crossover and mutation.  Crossover involves swapping the genetic material of 

two parents to create children, and thus exploits genetic material already available.  

Mutation changes the genetic material already present in the child, allowing exploration 

of genetic material not yet introduced.  The basic procedure of a Genetic Program 

consists of the following steps [3]: 

!  Specify a priori the instruction set and randomly generate an initial population of 

individuals. 

!  Execute the program comprising each individual and calculate the resulting 

fitness. 

!  Create a population of new individuals by repeatedly 

! Selecting two parent individuals and using the crossover operator to 

recombine already existing material to create children. 

! Apply the mutation operator to each child to introduce new solutions. 

!   If the fitness of the present best individual matches the highest desired fitness 

(the desired result) terminate the algorithm, otherwise return to the second step. 

The GP procedure can be specialized into two forms of selection: generational 

and steady state tournaments.  In the generational approach, the fitness of an entire 

population is evaluated.  Every individual in that population is then ranked, and assigned 
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a probability of selection based on their fitness (fitness of given individual / total 

population fitness).  Pairs of individuals are iteratively selected, and crossover and 

mutation are applied to them.  The process repeats until  there are sufficient children to 

represent an entirely new population.  The generational tournament approach is depicted 

below in Figure 2.1. 

 

Figure 2.1. Generational tournament selection. 

 The steady state tournament approach relies more heavil y on random selection.  

This is the form of selection used in this research: historicall y, linear-structured GP has 

always used steady-state tournament selection.  In this technique, a small subset of 

individuals is first randomly selected from the population to take part in a tournament.  

The fitness of these individuals is evaluated, and the fittest half is selected as parents.  



9 

Mutation and crossover are applied to the parents to create children, who overwrite the 

worst performing individuals of the tournament in the original population.  The operation 

of the steady state tournament is shown below in Figure 2.2 for the case of a tournament 

size of four. 

 

Figure 2.2. Steady state tournament selection. 

 

Section 2.2: The Linear Genetic Programming (L-GP) Approach 

 F"&*($&1)%+)"*&2?&A$"$*+-&6%2A%)55 +"A&'$ &!,$C&-) ..$#&/.+"$)%&A$"$*+-&

6%2A%)55 +"A7&2%&/G-HIC7&*($&+"#+1+#!) .,&()1$&)&.+"$)%&+",*$)#&2?&)&*%$$-based structure.  
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That is, individuals are lists of instructions instead of trees.  Evaluation of fitness thus 

mimics program execution in a simple register machine (Von Neumann computer) [5, 6-

8, 13-14].  Instructions are made up of opcodes and operands (replacing Functional and 

Terminal Sets), and the program alters the contents of internal registers.  The internal 

registers provide a means of storing sub-results and alleviate the need of introducing new 

operators into a Functional Set. Moreover, no constraints on instruction sequence are 

enforced in L-GP. That is to say, each instruction in a L-GP individual does not 

necessaril y contribute to the result in the solution register, whereas in Tree structured GP, 

by definiti on, each node does contribute to the route node. Registers in L-GP therefore 

) .,2&6%21+#$&)&5$*(2#&?2%&,2)@+"A&!6&*(+,&J%$#!"# )"- 3E;&K+")..3C&%$A+,*$%,&2?&G-GP are 

different from general purpose memory (as in RAM), where additional concepts are 

required to provide this property in both L-GP [13, 15] and Tree structured GP [18].  

RAM involves a significantly larger address space than registers.  Significant information 

is typicall y available within an instruction itself to address register space;  in contrast, 

additional special instructions are required to both address the large memory space in 

RAM and organize the data in that space. 

 The first working examples of linearly structured GPs only appeared in the mid-

1990s [8].  For instance, Nordin first used an evolutionary algorithm to evolve binary 

machine language programs in 1994 [13], and Nordin and Banzhaf proceeded to create a 

complex register machine using L-GP to evolve binary code directly [15].  The highly 

eff icient linear implementations manipulated machine code directly and thus provided 

impressive low memory requirements and speed enhancements compared to interpreted 

forms of tree-GP [13, 14].  The work in this area continues to become more interesting.  
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Nordin has created a means of generating computer programs using L-GP online in real 

time in an actual mobile robot application, as opposed to under simulation [14].  Also, 

Huelsbergen has shown evolution of program iteration (the emergence of for, do-until, 

and while loops) to be possible using L-GP when those control structures were not 

defined as part of the a priori instruction set [5]. 

 

Section 2.3: The Plague of Crossover and Bloat in GP 

 F"&*($&=+2.2A+-) .&'2%.#C&-%2,,21$%&+,&"2*&%)"#25&L2%&/=.+"#7M;&&F"&")*!%$C&

chromosomes are distinct pairs, and each member of the pair has its homologous partner.  

During the process of meiosis, the aligned chromosome sequences can crossover.  In 

contrast to biology, crossover in genetic programming has until  recently been blind, or 

random.  This random crossover results in larger and larger individuals with each 

A$" $%)*+2"C&)&6($"25$"2 "&@"2'"&),&/-2#$&=.2)*;7&&&&<($&+",*%!-*+2"s in an individual 

become composed of useful instructions surrounded by sections of instructions, called 

/ +"*%2",C7&*()*&#2&"2*&-2"*%+=!*$&*2&?+*"$,,;&&B&?$'&62,,+=.$&%$),2",&?2%&*(+,&6($"25$"2"&

have been proposed.  The most common explanation is that the individual attempts to 

protect parts of its genome that contribute to fitness by surrounding them with intron 

sequences in hopes that it wil l be the intron sequences that get crossed over [11].  If the 

intron sequences get crossed over instead of the fitness-contributing instructions, the 

crossover operator will  not decrease the fitness of the individual.  A second reason given 

by Langdon is that GP, being a stochastic search technique, wil l pick out the most 

common individuals in the search space of the current best fitness.  As individual lengths 
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increase, there will  be more lengthy solutions present, and then the population will then 

simply favor longer individuals. 

 Solutions to the problem of code bloat implemented by Langdon for tree-based 

GP are homol2A2!,&-%2,,21$%&)"#&/,+N$&?)+%7&-%2,,21$%&8OO:;&&F"&,+N$&?)+%&-%2,,21$%C&*($&

first crossover point is chosen randomly and the choice of the second crossover point in 

the other parent is biased based on the structure of that individual and the structure of the 

portion of the genome chosen for exchange.  The homologous crossover operator goes 

=$32"#&*($&52#+?+-)*+2"&2?&/,+N$&?)+%7&=3&+"-2%62%)*+"A&6%2A%)5&-2"*$D*;&&<(+,&

modification attempts to recognize that fitness contributing instructions in one parent 

may not automaticall y contribute to fitness in the individual descended form that parent, 

unless the context of the instructions in each of the parents were similar.  Nordin, 

Banzhaf, and Francone introduced the linear GP analogue of this tree-based GP 

homologous crossover [?].  In this version of L-GP homologous crossover, equal sized 

blocks, possibly containing different numbers of instructions, at the same position in each 

individual may be crossed over.  This type of crossover can be seen in Figure 2.3.  In this 

/ =.2-@-based L-HIC7&)"&+"#+1+#!).&+,&*(!,&#+1+#$#&+"*2&=.2-@,&$)-(&-2"*)+"+"A&*($&,)5 $&

number of bytes, not instructions.  An instruction block is the same size as another if both 

contain the same number of words. By requiring the blocks to be aligned, however, it is 

also necessary to use the homologous crossover operator with standard crossover 

operators to facil itate the lateral movement of code. 
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Figure 2.3.  Block-based crossover in L-GP. 

 

Section 2.4: Crossover using Paging and Dynamic Paging in L-GP 

 Heywood and Zincir-Heywood offer an alternative to block-based GP by dividing 

) "&+"#+1+#!).&+"*2&'() *&)%$&-) ..$#&/ 6)A$,7&+",*$)#&2?&#+1+#+"A&*($&+"#+1+#!) .&+"*2&=.2-@,&

[7].  In this implementation an individual is initialized to be a random number of pages, 

where each page is composed of the same number of instructions.  The crossover 

operator in this instance occurs between one page in each of the parents, but the page 

may be .2-) *$#&)" 3'($ %$&+"&$+*($%&6)%$"*E,&6%2A%)5C&K+A! %$&P;Q;&& 
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Figure 2.4.  Page-based crossover in L-GP. 

Since pages are composed of equal numbers of instructions in both individuals, 

note the page-based L-GP trait of creating individuals whose size never changes after 

initialization.  This is a departure both from block-based L-GP and classical L-GP in that 

respect.  In block-based L-GP a different number of instructions can be found in each 

=.2-@&+"12.1$#&+"&-%2,,21$%C&,2&)"&+"#+1+#!).E,&,+N$&-)"&-() " A$;&&F"&-.) ,,+- ) .&G-GP the 

number of instructions crossed over is simply a random variable, so obviously an 

+"#+1+#!).E,&,+N$&'+..&-() "A$;&&<($&*%)#$-off for individuals of fixed size in page-based L-

GP is that one need not provide a way of measuring code bloat (as in tree-structured GP) 

and one need not combine classical crossover with homologous crossover (which is 

exactly what block-based L-GP tries to do)[8]. 

 A question arises as to what page size to use in a problem to be solved by L-GP.  

One can simply specif y a given page size upon initialization, or one can use a method 

cal.$#&/#3" )5+-  6)A+"A7&89:;&&We actually try both strategies in this work.  When using 
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the dynamic paging procedure to specif y page size, one initiall y stipulates a priori a 

maximum page size for all  individuals.  The page size at any given point is related to 

fitness and can be 2x where x is an integer and 2x +,&+"&*($&+"*$%1).&8OR5)D+5!5 &6)A$&

size].  For instance, with a maximum page size of 4, the working page size could be 1, 2, 

or 4. 

 Dynamic paging assumes that it is best to start with small  pages to push the use of 

small, useful building blocks [8].  Dynamic paging thus begins with a working page size 

that is the smallest divisor of the maximum page size, which is always 1.  L-GP with 

dynamic paging always checks to see if the population fitness reaches what is called a 

/ 6.)*$) !C7&)"#&!62"&%$)- (+"A&*()*&6.)*$) !&+"-%$),$,&*($&'2%@+"A&6)A$&,+N$&*2&*($&"$D*&,+N$;&&

This procedure is repeated until the maximum page size is reached, and the next plateau 

causes the working page size to return to the smallest divisor.  For example, in the case of 

a maximum page size of 4 such a sequence might take the form: 1 " #2#"  4#"  1#"  2!

" #4 " #1... and so on.  A fitness plateau is achieved when a non-overlapping window of 

sequential best-case fitness values is summed.  This sum is compared to the result in the 

previous window.  If the sum for each window is the same as the other, then a plateau is 

said to have been reached and the working page size is changed.  In the work of 

Heywood and Zincir-Heywood, as in this work, the window size is fixed at 10 samples.  

Heywood and Zincir-Heywood found that dynamic paging was considerably more 

eff icient than retaining a fixed page size in the benchmark problems they chose to test 

[8], although this will be investigated for the San Mateo Trail  in this work.  The 

benchmark problems tested in their work were not complicated strategy-learning 

problems like the San Mateo Trail . It wil l be demonstrated that there are both benefits 
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and drawbacks, in terms of computational effi ciency and succinctness of final solution, to 

using dynamic paging on a problem such as the San Mateo Trail . 

 !

Section 2.5: Mutation Operators 

 There are a couple of options when applying the mutation operator to an 

instruction in a linearly-structured individual.  The first approach is simple and fast:  an 

instruction is selected and an Ex-OR operation is performed on the bit sequence 

representing that instruction using a randomly generated integer.  The second approach is 

sometimes needed when using multiple-register address formats.  Here, a field based 

mutation operator is used: the number of fields in the instruction is defined, and Ex-OR 

operations are performed between randomly selected fields and a random integer whose 

bit sequence length matches the selected field.  This work need only use the first simple 

and fast version of the mutation operator; the finesse of the second is not actually 

required [8]. 

 Another 5!* )*+2"&26$%)*2%&-) ..$#&/, ') 66+"A7&' ) ,&+"*%2#!-$#&=3&S$3'22 #&)"#&

Zincir-Heywood [6] to enable variation in the order of instructions in problems where the 

sequence of instructions is important, as it is in the San Mateo Trail  problem.  If the ant 

does its turns in the wrong order; it will  no longer be following the trail .  In this mutation 

operator, a swap takes place between two randomly selected instructions within one 

given individual, as shown in Figure 2.3 below.  If a program has the right instructions to 

make up a solution but they are in the wrong order, this mutation operator may lead to a 

correct solution more quickly.   
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Figure 2.5. Swap mutation operator used in L-GP. 

 Traditionally, GP operates on a large population having a low level of mutation.  

Behind this strategy is the assumption that the solution exists in the population and 

crossover is the search operator that wil l pick out that solution.  In the work of Heywood 

and Zincir-Heywood, as in this work, there is a small  population and higher levels of 

mutation are used.  The motivation for this is to see if solutions robust to population size 

and maximum instruction limit exist.  Solutions robust to maximum instruction limit are 

particularly important to the viability of page-based L-GP, for the individuals are of fixed 

length.  As mentioned in Chapter 1, this work aims to discover such solutions in the 

realm of page-based L-GP applied to strategy learning problemsT a result that is to the 

=$,*&2?&*($&)!*(2%E,&@"2' .$#A$&!"@"2'";  
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Chapter 3: Regular San Mateo Trail Exper iments 
 

 
 

Section 3.1: Implementation of the San Mateo Trail Problem 
 
 !"# $%&'(#&# )*+*%,)-$.,)-* /0. *#1$+**#&'* $*,$2,((,3$4 ,5+6-$1#-. /%'*%,)$,2$*"#$

problem as exactly as possible, and all  implementations are matched in the relevant 

respects to allow comparison of results.  Only the methodology of solving the problem 

differs.  7#. +(($2/,&$8#. *%,)$9:;$*"+*$*"#$+)*$%)$4,5 +6- implementation is permitted 120 

right or left turns or 80 move instructions before it must move on to the next section of 

the trail .  The L-GP implementation of the trail  adopted those constraints, but needed to 

impose an additional one.  4,5 +6-$%&'(#&#)*+*%,)$needed only those constraints because 

it involves tree-structured solutions with and without ADFs, and this meant that each 

node contributes to the resultant decision (route node). Linearly structured GP, however, 

#)2,/ . #-$),$-0."$.,)-* /+%)*$<#*3##)$+. *%,)$,2$%)-*/0. *%,)-$+)1$=,0*'0*6$/#>%-*#/:$?-$+$

consequence, L-GP may manipulate the contents of registers without actuall y changing 

the position of the ant. A restriction was therefore placed on the number of register 

references that an ant could make on a particular level.  The limit was the maximum 

number of instructions per page times the user-specified maximum number of pages (or 

at least the whole instruction set of the ant).   This essentially prevents an ant in L-GP 

from living forever on a level by consisting of only register load instructions (instructions 

*"+*$<#>%)$3%*"$@ABC:$$!"%-$(%&%*$+((,3-$*"#$%&'(#&#)*+*%,)$.,)-*/0.*#1$*,$&+*."$4,5+6-$

in the relevant respects: if an ant can die from either turning or moving too many times, it 

will  do that before it will  die of too many load instructions.   
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Furthermore, a steady state tournament is use1$%)-*#+1$,2$4,5+6-$>#)#/+*%,)+ ($

tournament approach.  In his tournament, he used a population of 4000 individuals and 

allowed up to 50 generations.  This means that a maximum of 50 generations by 4000 

individuals, or a maximum of 200 000 individuals, are processed before the trial is 

. ,)-%1#/#1$0)-0. . #--20(:$$!,$&+*."$4,5+6-$%&'(#&#)*+*%,)$+-$.(,-#(D$+-$',--%<(#E$*"#$

implementation used here involves randomly selecting 4 individuals in each tournament 

round and allowing a maximum of 50 000 rounds.  (50 000 rounds by 4 individuals/round 

gives 200 000 individuals processed.)   A population size of 125 ants is evolved using 

this steady state tournament selection.  In each round of the tournament, the two 

individuals with the highest fitness are preserved (become the parents) and the two with 

the lowest fitness are the children, which are created from the parents, subject to the 

operators of swapping, mutation, and/or crossover.  If there is a tie between two or more 

individuals regarding whether they will  become parents or not, the one(s) that become 

parents are the one(s) first chosen to compete.  Since the 4 ants were chosen to compete 

by random selection, those that become parents in this situation are thus essentially 

chosen randomly.  The algorithm used to generate random numbers during run time is the 

Park and Miller Minimal Standard generator [17], which is considered to be a simple 

well -established standard that is easily implemented and widely applicable.  Figure 3.1 

below demonstrates the flow of the algorithm in the L-GP implementation of the San 

Mateo Trail : 
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Figure 3.1. Steady state tournament implementation of the San Mateo Trail. 

 

The same terminal set as Koza is used, that is, RIGHT, LEFT, and MOVE.  In an 

%)-*/0. *%,)E$@AAB$&#+)-$7FGH!E$@A9B$&#+)-$I JK!E$+)1$@9AB$,/$@99B$&#+)-$LMNJ :$$

8,&#*"%)>$(%O#$4,5+6-$FK-FOOD-AHEAD function is done implicitly in the program 

*"/,0> "$*"#$%)*#/'/ #*+*%,)$,2$+) D$%)-*/0. *%,)$*"+*$<#>%)-$3%*"$*"#$<%*$@9B$P+$2#*." -from-

register instruction).  Mutation of a randomly chosen instruction occurs with a probability 

  Start Trial   
  
  
  Generate Population of 125   
  

  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.)   
  
  
  
  
          Apply mutation,    
          x - over and swap   
          to the children.     Return to population.   
  
  
  
  
  
    No           Have 50 000   
          rounds been done   or solution found?   

  
  
         Yes   
  Trial is finished.           
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of 0.5, crossover of a random page between the two children in each tournament occurs 

with probability 0.9, and the probability of swapping is also 0.9.  Mutation is done by 

bitwise XORing a randomly generated string of instruction length with the chosen 

instruction.  Each individual consists of 4 or 8 registers and an instruction set of 12-bit 

instructions.  Not all  bits were needed, but 12 bits were given per instruction to allow for 

futu/#$2(#Q%<%(%*D$%)$*"#$%)*#/'/ #*+*%,)$,2$*"#$+)*6-$%)-*/0. *%,)-:  

  

Section 3.2: Paging 

 F)$*"#$%&'(#&#)*+*%,)$*"+*$0-#1$),$'+>%)>$+*$+(($R9SE$9TUE$*"#$-%5#$,2$+) D$+)*6-$

instruction set could not be larger than the maximum number of pages specified by the 

user multiplied by the number of instructions allowed per page.  All ants were initialized 

to 10% of this limit, and their instruction set could grow throughout the course of the 

algorithm.  This growth occurred without paging because any number of instructions in 

one individual could be exchanged with any number from the other individual: there are 

no pages being exchanged.  The only crossover-related restriction on the ants that did not 

use paging was that no individual could exceed the maximum instruction set size limit.  

Crossover points would keep being re-chosen until the operator would not result in an 

individual of a size greater than the maximum instruction size limit. 

 When regular paging is activated, crossover is then done with pages, or groups of 

adjacent instructions [6, 7].  The size of the pages was set at 4 instructions.  Since pages 

of equal size are always exchanged in this instance, the ants do not become any larger 

than their initial size when crossover takes place. 
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When dynamic paging is used, the number of instructions per page has a 

maximum of 4 but varies throughout the run of the program.  The dynamic paging 

prevents plateaus in fitness levels from forming prior to the maximum fitness level of 96 

being achieved.  This is done by doubling the number of instructions allowed per page (or 

setting it to 1 when the maximum page size allowed is the current working page size) 

whenever the maximum fitness remains the same over 10 rounds of the tournament. 

Dynamic paging essentiall y results in kick-starting the process of solving the trail  if the 

ants begin to settle at a sub-optimal fitness before eating all  96 pieces of food.  As in 

regular paging, pages of equal size (whatever the working page size is) are always 

exchanged during crossover, so the ants do not increase in size after initialization. 

 

Section 3.3: Interpretation of Instruction Sets 

The way the instructions are interpreted depends on the number of registers in the 

ant. The ants are of two major varieties that affect how they interpret the strings of bits 

. ,&'/%-%)>$*"#%/$%)-*/0. *%,)-:$$M)#$V+/%#*D$%-$.+((#1$*"#$@" D'# /B$+)*-:$$W"#)$*"#-#$+)*-$

encounter an instruction telling them to load information into their registers, they both 

load it and immediately act on the instruction loaded.  The other variety is called 

@*",0>"*20(:B$$!"# -#$+)*-$-%&'( D$(,+1$*"#$%)2,/&+*%,)$%)$+$(,+1$%)-*/0. *%,)$%)*,$*"#$

relevant register, but they do not immediately act on the command loaded. (The 

motivation behind the two varieties was to see if having the ant take more action would 

mean solving the problem more quickly.)  Figure 3.2 provides an example demonstrating 

how these ants interpreted their 12-bit instructions. 
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Figure 3.2. Interpretation of instructions for 4 register and 8 register ants. 
!
!

 

 
  

  
  
So given the move instruction 100110111001 above, and register contents   
  

10   
00   
10   
11   
00   
01   
10   
1 1   

  
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   



24 

 

Section 3.4: Initialization 
 

Upon initialization, the ants using paging and dynamic paging were given a 

uniform random number of instructions that was a multiple of 4, and they could initially 

be composed of up to the user-specified maximum number of pages (16 or 32).  The ants 

that did not use paging were initialized to 10% of absolute maximum instruction set size: 

the user-specified maximum number of pages multiplied by 4 (initial page size for paging 

versions of the problem).  All instructions were initialized to random bits.  All registers in 

*"#$+)*-6$&#&,/%#-$3#/#$2%((#1$3%*"$@AAEB$&#+)%)>$7FGH!:$$!+<(#-$T:9$+)1$T:;$<#(,3$

-0&& +/%5#$*"#$1#*+%(-$,2$(%)#+/$GX$%&'(#&# )*+*%,)$.,&'+/#1$*,$4,5+6-: 

 

Table 3.1. Y"+/+. *#/%-*%.-$,2$4,5+6-$'rogram. 

 

Type of Tournament Generational 
GP type Tree-structured 
ADFs With and without 

Population size 4000 
Size of Tournament ZAAA$P<#. +0-#$%*6-$>#)#/+*%,)+ (C 
Tournament Limit 50 

Terminal set {RIGHT, LEFT, MOVE}  
Relevant subset of functional set { IF-FOOD-AHEAD}  

Probability of Mutation 0.9 
Probability of Crossover 0.0 
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Table 3.2. Characteristics of the L-GP program. 

 

Type of Tournament Steady State 
GP type Linear 

Population size 125 
Size of Tournament 4 
Tournament Limit 50 000 

Terminal Set {RIGHT, LEFT, MOVE}  
Instruction Set {fetch-from-register (implicitly uses IF-

FOOD-AHEAD), load-into-register}  

Probability of Mutation 0.5 
Probability of Crossover 0.9 
Probability of Swapping 0.9 

Types of Ants Hyper or Thoughtful 
Number of Registers  4 or 8 

Maximum Number of Pages 16 or 32 
Size of Pages 4; or 1,2, or 4 if dynamic paging is 

employed; or n/a if paging not used 

Size of Individuals at Initialization Z$Q$R9E$[E$L+QX+>#-U$ 

where MaxPages 16 or 32 

 
 
 

Section 3.5: Results  
 

 The performance of the diff erent implementations with respect to generating ants 

that solved the trail  were measured in three ways: (1) generation at which the first ant to 

solve the trail  appeared, (2) the length of the solution evolved, and (3) E-measure.  E-

measure was designed by Koza [10] to use the number of fitness evaluations done by an 

algorithm in yielding a solution as a measure of computational effort. The reason for 

using fitness evaluations was that he felt that they were common to all adaptive 

algorithms, and his measure would then allow easy comparison among different 
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techniques.  Koza also recognized that genetic programming was a probabilistic 

algorithm, and thus incorporated both a cumulative probability of success into the 

formula and a desired probabili ty of success.  Note that E-measure is directly related to 

the generation at which the first ant solves the trail: it is represented by the variable i in 

*"#$#\0+*%,):$$Y,&'0* +*%,)+ ($#22,/*$P.+((#1$@J -&#+-0/#BC$,2$+$GX$+(>, /%*"&$.+)$<#$

measured using a formula described by Koza [9, 10], 

i))C(T, - log((1
z) - log(1 i T  E !!"  

[1a] 
where  
J$]$.,&'0* +*%,)+ ($#22,/*$P+(-,$.+((#1$@J -&#+-0/#BCE 
T = is the size of the tournament, 
i = is the generation where an individual solved the trail ,  
z = is the probability of success (set to 0.99 in these experiments),  
C(T, i) = is the cumulative probability of having an individual solve the problem in the 
experiment.   
 
Note that when C(T, i) in equation [1a] is 1.0, that is, when the cumulative probability of 

having an individual solve the trail  is 100%, the formula is not valid.  In this special case, 

the formula becomes simply 

1i T  E !!"  
[1b] 

 
Note that the special case will  only occur in the last trial of an experiment if and only if  

all  trials (including the last) were successful. 

 

!"#$%&'()*+*,-(./0"1(2'$34(56&786$97:(2'$34(;'<(=&>;?3(2'$3 

Twenty trials with separate seed numbers were conducted in each experiment, and 

four experiments (testing register number and maximum page sizes) for each of the hyper 

and thoughtful ants (so eight experiments in total) were conducted using the 
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implementation details described earlier in this chapter.  The programs were compiled 

using the Java 2 version 1.3.1 SDK.  The 20 seed numbers for each of the four 

experiments that were given to the implementation of the random number generator were 

generated using the java.util.Random() class.  The four experiments involved ants with 

combinations of these characteristics: 4 registers with 16 page maximum, 4 registers with 

32 page maximum, 8 registers with 16 page maximum, and 8 registers with 32 page 

maximum.  Table 3.3 indicates the generation at which the hyper and thoughtful ants, 

using regular paging, solved the trail  in each trial of the experiments.   

Table 3.3. Mean and minimum generation at which hyper ants and thoughtful ants 
successfully completing the trail . 

!
Hyper Ants 

 4 registers 8 registers 
16 pg 32 pg 16 pg 32 pg 

Min. 1,823 2,237 1,799 915 
Mean 6,173 13,901 9,217 11,413 

Thoughtful Ants 
 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 
Min. 1,497 310 282 2,555 
Mean. 7,086 6,744 5,794 10,207 

!
Table 3.4 indicates the minimum and average E-measure results based on Table 

T:TE$+)1$.,&'+/ #-$*"#-#$*,$4,5 +6-$-,(0*%,)$*,$*"#$8+)$L+*#,$!/+%(:$$^,*#$*"+*$*",0> "*20($

ants of all  varieties were successful in all  trials, and thus use the special case in the 20th 

trial of each experiment. 
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Table 3.4. E-measure (x 1000) /#-0(*-$2,/$"D'# /$+)*-E$*",0> "*20($+)*-E$+)1$4,5 +6-$+)*-$2,/$
z = 0.99. 

 
Hyper Ants 

 4 registers 8 registers 
16 pg 32 pg 16 pg 32 pg 

Min. 174 436 153 167 
Mean 280 574 278 276 

Thoughtful Ants 
 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 
Min. 98 74 57 130 
Mean. 159 117 148 247 

4,5 +6-$?)*-  
 With ADFs Without ADFs 
Effort*  136 272 

_^,*# `$4,5 +6-$J -measure was based on letting the ants run to generation 16 in his 
generational tournament.  His results indicate his Min. measures. 
 

It is evident from Table 3.4 that the best E-measure results for the thoughtful ants, 

%)$+(($.+-#-E$,0*'# /2,/&$4,5 +6-$+)*-$3%*"$,/$3%*",0*$?DFs.  (This is the fairest 

comparison, for Koza provides his best results for E-measure, not the mean.)  Also of 

),*#$%)$*"#-#$/#-0(*-$%-$*"+*$#V#)$*"#$*",0>"*20($+)*-6$&#+)$J-measure, in all  cases, beats 

4,5 +6-$<#-*$+)*-$*"+*$(+. O$?aK-:$$P!" #$+)*-$+/%-%)> from the implementation described in 

this work, by design of the linear GP solution, lack ADFs.)  The thoughtful 4 register, 32 

page limit ants even outperform (based on mean E-&#+-0/#C$4,5+6-$+)*-$*" +*$0-#$?a K-$

(based on his minimum E-measure).   With the exception of the 4 register, 32 page 

&+Q%&0&E$*"#$"D'# /+. *%V#$+)*-$P+-$+$>/,0'C$+/#$. ,&'#*%*%V#$3%*"$4,5+6-$+)*-:$$!"#-#$

results are mirrored exactly when one looks at the generation at which the solution first 

emerges, as is to be expected by examination of the E-measure formula. 

Comparing the types of ants used in the L-GP experiments with one another, 

notice that the thoughtful ants simply demand less computational effort than the hyper 

ants.   Note the thoughtful ant group with the worst performance (using either the 
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minimum or mean E-measure) still does better than the best hyper ant group (considering 

either the minimum or mean E-measure).  This result can also be seen in the generation 

results in Table 3.3.  Overall , there is a strong preference for thoughtful ants over hyper 

ants.  The implication of this preference is that redundancy gained through thoughtful 

ants plays a signifi cant part in producing fit individuals. 

Table 3.5 gives the size of the instruction set of the first ant in each population to 

-,(V#$*"#$*/+%(:$$4,5+6-$/#-0(*-$+/#$>%V#)$%)$',%)*-$*,$%)1%.+*#$*"#$)0&<#/$,2$),1# -$%)$"%-$

tree-based solutions; the L-GP solutions simply indicate number of instructions in the 

+)*6-$2%)+($'/, >/+&:  

Table 3.5. Instruction set size following 50 000 rounds or completion of the trail . 
 

Hyper Ants 
 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 
Min. 20 16 28 44 
Mean 46.8 70.7 51.5 87.0 

Thoughtful Ants 
 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 
Min. 36 44 28 36 

Mean. 50.6 87.2 43.0 76.2 
4,5 +6-$?)*-  

 With ADFs Without ADFs 
Effort*  71.7 points 90.9 points 

!
 

It can be observed from Table 3.5 that the 4 register hyper ants typicall y have 

shorter solutions than the 4 register thoughtful individuals, but the 8 register thoughtful 

ants generate more succinct solutions than their hyper counterparts.  The implication of 

this could be that the thoughtful ants make more use of their registers.  Based on the 

dominance of the thoughtful ants in terms of computational efficiency (E-measure) and 
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the li kelihood that the thoughtful ants were making more use of their memories, it 

became evident that it was best to concentrate on measuring performance of the 

thoughtful ants with different paging implementations. 

 

Section 3.5.2: Thoughtful Ants Using Different Paging Implementations 

 The different types of paging used in the thoughtful ants included no paging at all  

(regular L-GP), regular paging (no dynamic paging), regular paging with a minimum of 8 

pages upon initialization, and dynamic paging.  The reason for an implementation where 

each ant has at least 8 pages upon initialization is that (as you will see in the results) the 

ants with no paging outperformed (with respect to E-measure) those using regular paging.  

It was possible that the ants without paging might have had an unfair advantage over the 

ants using paging because the former would always start with at least 10% of the 

maximum instruction limit when the latter could start with as little as one page (4 

instructions).  It can be observed from the results that almost no ant with less than 32 

instructions could solve the trail , so to create fair competition with non-paging ants it 

made sense to let the shortest individual with paging be 8 pages by 4 instructions/page or 

32 instructions long.  The E-measure results of these experiments can be seen in Table 

3.6 and the generation in which a solution first appears can be seen in Table 3.7. 
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Table 3.6. E-measure (! 1000) results for different paging implementations of thoughtful 
ants. 

 
Thoughtful Ants without Paging 

 4 registers 8 registers 
16 pg 32 pg 16 pg 32 pg 

Min. 28 24 28 41 
Mean 86 119 95 113 
Thoughtful Ants with Paging, no Dynamic 

Paging 
 4 registers 8 registers 

16 pg 32 pg 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 32 pg 16 pg  32 pg 
Min. 84 75 89 74 
Mean 133 207 170 132 

Thoughtful Ants with Paging and 
Dynamic Paging 

 4 registers 8 registers 
 16 pg 32 pg 16 pg 32 pg 

Min. 73 78 161 120 
Mean 146 193 21

0 
26

4 
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Table 3.7. Generation at which different implementations of thoughtful ants completed 
the trail . 

 
Thoughtful Ants without Paging 

 4 registers 8 registers 
16 pg 32 pg 16 pg 32 pg 

Min. 905 1,875 1,108 1,543 
Mean 3,852 2,845 3,012 4,218 
Thoughtful 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 
Thoughtful Ants with Paging, no Dynamic 

Paging, 8 Page Min. 
 4 registers 8 registers 

16 pg  32 pg 16 pg 32 pg 
Min. 756 2,368 1,793 912 
Mean 6,800 5,373 7,188 6,363 
Thoughtful Ants with Dynamic Paging 

 4 registers 8 registers 
 16 pg 32 pg 16 pg 32 pg 

Min. 1,819 2,001 811 2,425 
Mean 5,905 8,997 9,386 8,073 

 

 It can be noted from Tables 3.6 and 3.7 that the thoughtful ants without paging 

always had the best E-measure (and were fastest to find the solution).  The thoughtful 

ants that implemented dynamic paging always had the worst E-measure (and were the 

slowest to find the solution).  It is unclear whether the ants that use regular paging 

without the 8 page minimum are more computationall y eff icient than those with the 

minimum, meaning that the ranking of those two implementations between the best (no 

paging) and the worst (dynamic paging) is uncertain.  The performance of the ants in 

terms of solution length is given below in Table 3.8.  
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Table 3.8. Instruction set size following 50 000 rounds or completion of the trail  for 
different implementations of thoughtful ants. 

 
Thoughtful Ants without Paging 

 4 registers 8 registers 
16 pg 32 pg 16 pg 32 pg 

Min. 40 29 30 36 
Mean 55.0 103.4 55.7 104.3 
Thoughtful 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 
Thoughtful Ants with Paging, no Dyn. 

Paging, 8 Page Min. 
 4 registers 8 registers 

16 pg  32 pg 16 pg 32 pg 
Min. 36 44 32 36 
Mean 66.2 107.8 61.6 88.4 
Thoughtful Ants with Dynamic Paging 

 4 registers 8 registers 
 16 pg 32 pg 16 pg 32 pg 

Min. 21 21 21 25 
Mean 49.4 80.6 44.

3 
68.
4 

 
 

Here it is clear that the ants with no paging generated the longest solutions (recall  

they were the ants with the best E-measure), and the dynamic paging ants (who had the 

worst E-measure) generated the smallest solutions.  The 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.  These findings may be an indication that the use of paging implicitly exerts a 

form of parsimony pressure.  This possibili ty provides an interesting opportunity for 

further investigation, but the next step in this work was to delve further into the benefit of 

paging and whether or not context was actually being preserved during paging. 
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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 

! "#$%&'()*+),! "- (&!".&*/".&+0#&,+)(&!1+0#&#2(&0".( )34/" 5&1(2!6/+)&+*&'! 5/"57&&82/$&

chapter provides an analysis of how different sections of the genome contributed to 

performance gain or loss by using two measures: fitness and ! &"(9&,( #)/-&-! 33( .&:non-

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. 
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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.  
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Figure 4.2.  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(&#)! /3&2!$&!"&:<; &'3!-( .&/"&(!-2&$'!- (&#2(&! "#&6/$/#$7&&=*&#2(&! "#&(!#$&!&'/(- (&+*&*++.>&#2(&

grid is f30$2(.&-3(!"7&&=*&#2(&!"#&6/$/#$&!&$?0!)(&! 3)(! . 4&,! )@(.&9/#2&!"&: <>;&#2("&#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. 

 

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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Figure 4.4.  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$%&/"$#)0-#/+"&$(#7&&  

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. 

 

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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Figure 4.6.  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 

#+&#2(&*/)$#&'+)#/+"&+*&#2(&!"#%$&/"$#)0-#/+"&$(#&#2(&9!4&/#&/$&/"&#2(&/,'3( ,("#! #/+"$&

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. 

 

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. 

 



42 

 

Figure 4.8.  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 

: 5! /"/ "5; &/"$#)0-#/+"&$(?0("- ($&#+&#2(&/"/#/! 3&/"$#)0-#/+"$&+*&!"&/"./6/.0!3>&#2(&'!5(&1!$( .&

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 

: B+1-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-$2+'&$-2(.03/"5&-+"#(<#&#2!#&+"-(&!&C*/#%&-+,1/ "! #/+"&+*&5("( $&

was identified at the beginning of the individual, then this would have implications for 

#2(&C-+"#(<#%&+*&5("( $&#+9! ).$&#he end of the individual. Fang et 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 

16 pg 32 pg 16 pg 32 pg 

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 

16 pg 32 pg 16 pg 32 pg 

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 

16 pg 32 pg 16 pg 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. 

Table 4.2. 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 

16 pg 32 pg 16 pg 32 pg 

Min. 98 74 57 130 

Mean 159 117 148 247 

 Ants Biased for Mutation & Crossover 

 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 

Min. 134 116 132 160 

Mean 209 264 221 275 

Ants Biased for Crossover 

 4 registers 8 registers 

16 pg 32 pg 16 pg 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 

(<-( '#/+"&+*&#2(&D&)(5/$#( )>&EF&'! 5(&3/,/ #&!"#$%&,/"/,0, >&92()(&#2(&1($#&G-measure 

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 

16 pg 32 pg 16 pg 32 pg 

Min. 40 29 30 36 

Mean 55.0 103.4 55.7 104.3 

Ants Biased for Mutation & Crossover 

 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 

Min. 32 20 28 16 

Mean 49.8 83.8 41.4 55.5 

Ants Biased for Crossover 

 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 

Min. 36 44 28 36 

Mean. 53.5 76.4 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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Table 4.4. 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 

Mutation & 

Crossover 

Improvement 

With Biasing 

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 

.( '( "./" 5&+"&#2(&!"#%$&,! </, 0,&/"$#)0-#/+"&$/H(&! ".&)(5/$#()&! 33+-! #/+"7&&I 2/3(&/#&

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 



49 

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&>&FL.  Each 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 

M7M7&&82/$&6()$/+"&+*&#2(&#)!/3&9/33&1(&.011(.&#2(&:N+/$4&8)! /37; 
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Figure 4.9. N+/$4&6()$/+"&+*&O+H! %$&P!"&Q!#(+&8)! /3 

 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. 

Table 4.5. Fitness following 50 000 rounds (none completed the trail). 

 

Ants with No Biasing 

 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 

Max. 91 94 91 93 

Mean 87.4 87.1 87.6 87.7 

Ants with Biasing of Mutation & 

Crossover 

 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 

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 

16 pg 32 pg 16 pg 32 pg 

Min. 36 52 32 40 

Mean 53.6 89.2 50.8 85.6 

Ants with Biasing of Mutation & 

Crossover 

 4 registers 8 registers 

16 pg 32 pg 16 pg 32 pg 

Min. 20 20 24 28 

Mean. 49 83.8 44.4 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. 
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Chapter 5: Linking Pages to Context 
 
 
 

Section 5.1: The Notion of an Instruction Type 
 

 Having established in paging ants that fitness and non-repeating path lengths 

underwent most of their change in first part of the genome, it has been shown in Chapter 

4 that redundancy in these graphs is low.  That is, fitness change is not occurring in a 

spread out pattern across the graph.  Therefore, the instructions that are being kept in the 

L-GP process must be doing useful things (contributing to fitness or allowing the ant to 

explore). 

 Recall  that among the thoughtful ants, the ones with dynamic paging had the 

shortest solutions, and those with no paging had the longest solutions.  The ants that used 

regular paging were somewhere in between.  Right now, it has been established that 

paging produces more succinct solutions, but requires more computational effort (see 

Chapter 3).  In this chapter, an investigation to determine whether the search strategies 

emerging in the graphs of Chapter 4 are being kept (retaining context) through paging 

instead of being lost in a non-paging implementation.  That is, if it can be established that 

context is being retained in pages and couple it with the knowledge of low redundancy 

and low solution lengths for the paging ants, we would have demonstrated the 

constructive properties of paging.  In all , paging wil l not only produce better solutions, 

but it wil l have done so by retaining context within pages.  So this chapter describes an 

attempt to establish that context is being retained in paging implementations. 

 To establish if context is kept in a given implementation, note the number of 

occurrences of different sequences of instruction types in the final ant that has solved the 
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trial across the twenty ants produced by an implementation.  So the instruction sets of the 

twenty ants produced by the twenty trials of each implementation with a maximum page 

size of 32 are concatenated and the number of times an instruction sequence of a given 

length occurs is counted.  One then divides that total by the total number of instruction 

sequences of a given length in all  twenty ants to normalize the number of times the 

sequence occurs so that the three different implementations of No Paging, Paging, and 

Dynamic Paging are fairl y compared. The th!" "#$%&'"%"()*)$+(,-#!",.') ,#("" /" /#)0$,#

normalization since solution length could vary among them: Dynamic Paging solutions 

were typicall y shortest, followed by Paging, and then No Paging.  Thoughtful ants with a 

maximum page size of 32 were used instead of those with a maximum page size of 16 in 

order to achieve the largest amalgamated instruction sets possible. 

 The members of each sequence set, for the purpose of identification, were to 

reflect the different actions an ant could take when parsing the 12-bit instructions.  Any 

$(,)!.1 )$+(#)0*)#,)*!)"/#2$)0#*#34-#5*( 6#'+*/#$(,)!.1 )$+(7#1+.'/#8"#*#)6&"#9:#;:#+!#<#

$(,)!.1 )$+(=##>?#$)#"(/ "/#$(#344-#52 *,#*#'+*/#3!$@0)#,&$(-#$(,)!.1 )$+(7:#)0"(#$)#2*,#*#)6&"#9#

$(,)!.1 )$+(=##>?#$)#"(/ "/#$(#349-#52 *,#*#'+*/#3'"?)#,&$(-#$(,)!.1)$+(7:#)0"(#$)#2*,#*#)6&"#;#

$(,)!.1 )$+(=##>?#$)#"(/ "/#$(#394-#+!#399-#52* ,#*#'+*/#3%+A"-#$(,)!.1)$+(7:#)0"(#$)#2*,#*#)6&"#

<#$(,)!.1 )$+(=##>?#)0"#$(,)!.1 )$+(#,)*!)"/#2$)0#*#39-#52* ,#*(#*1)#+(#$(?+!%*)$+(#$(#!"@$,)"!,7:#

then it was a type 4 instruction.  It is not reall y possible to distinguish among different 

act-on-register instructions based on the information in the instruction set.  While it is 

true that an ant will retrieve information from different registers based on whether there is 

food in front of it or not, that information can only be determined as the program is being 

executed: the information about the type of act-on-register instruction present depends on 
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the position of the ant at a given time and cannot be gleaned from the form of the 

instruction alone.  Table 5.1 below summarizes the methodology for identifying an 

instruction type. 

Table 5.1. Classification of instruction types for determining context  

Start with Ends with Instruction Type 
0 (load) 00 (right) 1 

01 (left) 2 
10 or 11 (move) 3 

1 (act on register) B+",(-)#%*))"! 4 
 
 

Section 5.2: Graphical Results of the Search for Context 

 The analysis of context proceeds by passing through the amalgamated instruction 

set and identifying all  the instruction sequences present of varying lengths: doubles, 

triples, quadruples, and pairs with a wildcard (three instructions with one unidentified).  

Given the instruction type sequences present, the number of times each occurs in the total 

instruction sequence set of the twenty individuals is counted and the count is divided by 

the total number of instruction sequences in the set.  This provides a normalized measure 

of how many times the instruction type sequence occurs in the amalgamated set as a 

percentage of the total instruction sequence set.  Finally, all  the instruction sequences 

found among the amalgamated sets for the non-paging, paging, and dynamic paging 

implementations are ordered and the number of times each sequence occurs for each 

implementation is graphed.  Tables 5.1 and 5.2 below provide the number of times the 

instruction type sequences of length 2 occur in the amalgamated instruction sets of the 

non-paging, paging, and dynamic paging experiments. 
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Figure 5.1. Instruction pairs present in 20 Trials for thoughtful, 4 register ants with a 32 
page maximum instruction limit. 
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Figure 5.2. Instruction pairs present in 20 Trials for thoughtful, 8 register ants with a 32 
page maximum instruction limit. 
 
 

Before noting patterns, it is useful to consider the same results for the sequences 

of 3 that are present.  The results were gathered in the same manner as for the sequences 

of 2.  In tables 5.3 and 5.4 below, the number of times the instruction type sequences of 

length 3 (the triplets) occur in the amalgamated instruction sets of the non-paging, 

paging, and dynamic paging experiments is shown. 
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Figure 5.3. Instruction triples present in 20 Trials for thoughtful, 4 register ants with a 32 
page maximum instruction limit. 
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Figure 5.4. Instruction triples present in 20 Trials for thoughtful, 8 register ants with a 32 
page maximum instruction limit. 
 

The instruction sequence quadruples graphs had to be divided into 4 parts to 

accommodate the larger number of 4-digit combinations that are possibleC and do 

appearC in the amalgamated instruction sets of the 3 implementations.  The graphs are 

constructed as per the double and triple sequence graphs above, but are divided into four 

," 1)$+(,D#,"E."(1",#)0*)#,)*!)#2$)0#39-:#3;- :#3<-:#*(/ #3F-=##G0"," #!" ,.') ,#*!"#@$A"(#8"'+2#$(#

Figures 5.5 and 5.6. 
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Figure 5.5. Instruction quadruples present in 20 Trials for thoughtful, 4 register ants with 
a 32 page maximum instruction limit. 
 
 



59 

0

0.5

1

1.5

2

1
1
1
1

1
1
1
4

1
1
2
1

1
1
2
2

1
1
2
3

1
1
2
4

1
1
3
1

1
1
3
2

1
1
3
3

1
1
3
4

1
1
4
1

1
1
4
2

1
1
4
3

1
1
4
4

1
2
1
3

1
2
1
4

1
2
2
3

1
2
2
4

1
2
3
2

1
2
3
3

1
2
3
4

1
2
4
2

1
2
4
3

1
2
4
4

1
3
1
1

1
3
1
2

1
3
1
3

1
3
1
4

1
3
2
2

1
3
2
3

1
3
2
4

1
3
3
1

1
3
3
2

1
3
3
3

1
3
3
4

1
3
4
1

1
3
4
2

1
3
4
3

1
3
4
4

1
4
1
1

1
4
1
2

1
4
1
3

1
4
1
4

1
4
2
1

1
4
2
2

1
4
2
3

1
4
2
4

1
4
3
1

1
4
3
2

1
4
3
3

1
4
3
4

1
4
4
1

1
4
4
2

1
4
4
3

1
4
4
4

Sequence Beginning with '1'

%
 o

f 
T

o
ta

l 
In

s
tr

u
c
ti

o
n

s

No Paging

Paging

Dynamic Paging

 

0
0.2
0.4
0.6
0.8

1
1.2
1.4
1.6
1.8

2
1
1
1

2
1
1
2

2
1
1
3

2
1
2
1

2
1
2
2

2
1
2
3

2
1
2
4

2
1
3
1

2
1
3
2

2
1
3
3

2
1
3
4

2
1
4
1

2
1
4
2

2
1
4
3

2
1
4
4

2
2
1
2

2
2
1
4

2
2
2
1

2
2
2
3

2
2
2
4

2
2
3
1

2
2
3
2

2
2
3
3

2
2
3
4

2
2
4
1

2
2
4
2

2
2
4
3

2
2
4
4

2
3
1
1

2
3
1
2

2
3
1
3

2
3
1
4

2
3
2
1

2
3
2
2

2
3
2
3

2
3
2
4

2
3
3
1

2
3
3
2

2
3
3
3

2
3
3
4

2
3
4
1

2
3
4
2

2
3
4
3

2
3
4
4

2
4
1
1

2
4
1
2

2
4
1
3

2
4
1
4

2
4
2
1

2
4
2
3

2
4
2
4

2
4
3
1

2
4
3
2

2
4
3
3

2
4
3
4

2
4
4
1

2
4
4
2

2
4
4
3

2
4
4
4

Sequence Beginning with '2'

%
 o

f 
T

o
ta

l 
In

s
tr

u
c

ti
o

n
s

 

0
0.5

1
1.5

2
2.5

3
3.5

3
1
1
1

3
1
1
2

3
1
1
4

3
1
2
1

3
1
2
3

3
1
2
4

3
1
3
1

3
1
3
2

3
1
3
3

3
1
3
4

3
1
4
1

3
1
4
2

3
1
4
3

3
1
4
4

3
2
1
1

3
2
1
2

3
2
1
3

3
2
1
4

3
2
2
1

3
2
2
2

3
2
2
3

3
2
2
4

3
2
3
1

3
2
3
2

3
2
3
3

3
2
3
4

3
2
4
1

3
2
4
2

3
2
4
3

3
2
4
4

3
3
1
1

3
3
1
3

3
3
1
4

3
3
2
1

3
3
2
2

3
3
2
3

3
3
2
4

3
3
3
1

3
3
3
2

3
3
3
3

3
3
3
4

3
3
4
1

3
3
4
2

3
3
4
3

3
3
4
4

3
4
1
1

3
4
1
2

3
4
1
3

3
4
1
4

3
4
2
1

3
4
2
2

3
4
2
3

3
4
2
4

3
4
3
1

3
4
3
2

3
4
3
3

3
4
3
4

3
4
4
1

3
4
4
2

3
4
4
3

3
4
4
4

Sequence Beginning with '3'

%
 o

f 
T

o
ta

l 
In

s
tr

u
c

ti
o

n
s

 

0
1
2
3
4
5
6
7
8

4
1
1
1

4
1
1
2

4
1
1
3

4
1
1
4

4
1
2
2

4
1
2
3

4
1
2
4

4
1
3
1

4
1
3
2

4
1
3
3

4
1
3
4

4
1
4
1

4
1
4
2

4
1
4
3

4
1
4
4

4
2
1
1

4
2
1
2

4
2
1
3

4
2
1
4

4
2
2
1

4
2
2
2

4
2
2
3

4
2
2
4

4
2
3
1

4
2
3
2

4
2
3
3

4
2
3
4

4
2
4
1

4
2
4
2

4
2
4
3

4
2
4
4

4
3
1
1

4
3
1
2

4
3
1
3

4
3
1
4

4
3
2
1

4
3
2
2

4
3
2
3

4
3
2
4

4
3
3
1

4
3
3
2

4
3
3
3

4
3
3
4

4
3
4
1

4
3
4
2

4
3
4
3

4
3
4
4

4
4
1
1

4
4
1
2

4
4
1
3

4
4
1
4

4
4
2
1

4
4
2
2

4
4
2
3

4
4
2
4

4
4
3
1

4
4
3
2

4
4
3
3

4
4
3
4

4
4
4
1

4
4
4
2

4
4
4
3

4
4
4
4

Sequence Beginning with '4'

%
 o

f 
T

o
ta

l 
In

s
tr

u
c

ti
o

n
s

 
 
 
Figure 5.6. Instruction quadruples present in 20 Trials for thoughtful, 8 register ants with 
a 32 page maximum instruction limit. 
 
 For the final graph, sequences consisting of instruction pairs plus a wildcard are 

1+(,$/" !" /=##G0"#2$'/1*!/#$,#!"&!"," () "/#*,#*(#$(,)!.1)$+(#)6&"#34-=##G0"#!+8.,) (" ,,#+?#*( 6#

patterns gleaned from Figures 5.1 to 5.6 can be tested by adding the possibil ity of a 

wildcard to the sequence.  If the patterns reflect a real phenomenon of context-saving, 
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they should remain present when merging different sequences to be represented as one 

which incorporates an unknown digit.  The results are below in Figure 5.7. 
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Figure 5.7. Instruction pairs with a wildcard present in 20 Trials for thoughtful, 4 register 
ants with a 32 page maximum instruction limit.   
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Figure 5.8. Instruction pairs with a wildcard present in 20 Trials for thoughtful, 8 register 
ants with a 32 page maximum instruction limit.   
 

If patterns can be observed in the paging implementations in any one or more of 

the graphs, then this will indicate that a search strategy of some kind is present.  First let 

us consider the patterns common to all three implementations that are represented.  

Observing the pair, triple, and quadruple graphs (Figures 5.1 to 5.6) some general 

patterns can be noticed.  In all  implementations, peaking seems to occur when there are 

two or more con, "1.)$A"#3F-,#5)2+#+!#%+!"#*1)#+(#!" @$,)"!#$(,)!.1)$+(,7#$(#*#," E." (1"=##
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H+2"A"!:#)0"#&"*I,#)"(/#)+#8"#'+2#$(#)0"#,"E." (1",#)0*)#8"@$(#2$)0#*#39-#+!#3;-=####

Another pattern can be noticed by considering the sequence numericall y, that is, 

concatenate the digits in the sequence and let it represent an integer number.  Observe 

that the larger the number becomes, the higher the peaks.  For instance, the last peaks in 

each of Figures 5.1 to 5.6 are the largest peaks for each implementation.  Figures 5.7 and 

5.8 that show results for sequences including wildcards confirm high peaks for sequences 

0*A$(@#)0"#&+,,$8$'$)6#+?#1+()*$($(@#)2+#1+(,"1 .)$A"#3F-,=##J"E." ( 1",#8"@$(($(@#2$)0#*#

39-#+!#3; -#*!"#*',+#1+(?$!%"/#)+#8"#*,,+1$*)"/#2$)0#'+2#&"*I,#$(#K$@.! ",#L=M#*(/#L=N. 

 

Section 5.3: Numerical Results of the Search for Context 

The measuring of context was to determine if the paging implementations were 

retaining context that was lost to the non-paging implementations during crossover.  

Examining Figures 5.1 through 5.8, note that the code is most spread out across the 

different sequences in the regular paging implementation, followed by (in order) the 

dynamic paging implementation and then the non-paging implementation.  In an attempt 

to represent this observed trend numericall y, the number of maximum, minimum, and 

middle peaks for which each of the three implementations is responsible over each set of 

sequences was recorded.  The maximum, minimum, and middle criteria are construed 

strictly:  a maximum peak is greater than (>) all  others, a minimum is less than (<) all  

others, and a middle peak is both greater than (>) one of the others and less than (<) one 

of the others.  Here are the results for Figures 5.1 to 5.8, represented in Tables 5.2 to 5.5. 
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Table 5.2. Number of maximum, minimum, and middle peaks for which each 
implementation is responsible in some sequence of 2.  
 

Thoughtful, 4 Register Ants with a 32 Page Maximum Instruction Limit 
 Non-paging Regular Paging Dynamic Paging 
Maximums 5 5 5 
Minimums 3 7 5 
Middles 7 3 5 

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

 
Table 5.3. Number of maximum, minimum, and middle peaks for which each 
implementation is responsible in some sequence of 3.  
 

Thoughtful, 4 Register Ants with a 32 Page Maximum Instruction Limit 
 Non-paging Regular Paging Dynamic Paging 
Maximums 20 24 20 
Minimums 23 17 24 
Middles 21 23 20 

Thoughtful, 8 Register Ants with a 32 Page Maximum Instruction Limit 
 Non-paging Regular Paging Dynamic Paging 
Maximums 11 31 22 
Minimums 44 10 10 
Middles 9 23 32 

 
Table 5.4. Number of maximum, minimum, and middle peaks for which each 
implementation is responsible in some sequence of 4.  
 

Thoughtful, 4 Register Ants with a 32 Page Maximum Instruction Limit 
 Non-paging Regular Paging Dynamic Paging 
Maximums 61 86 88 
Minimums 76 59 74 
Middles 64 57 72 

Thoughtful, 8 Register Ants with a 32 Page Maximum Instruction 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. Number of maximum, minimum, and middle peaks for which each 
implementation is responsible in some sequence composed of a pair plus a wildcard.  
 

Thoughtful, 4 Register Ants with a 32 Page Maximum Instruction Limit 
 Non-paging Regular Paging Dynamic Paging 
Maximums 12 27 9 
Minimums 19 13 16 
Middles 17 8 23 

Thoughtful, 8 Register Ants with a 32 Page Maximum Instruction Limit 
 Non-paging Regular Paging Dynamic Paging 
Maximums 12 22 14 
Minimums 23 11 9 
Middles 10 12 21 

 

 Note from Tables 5.2 to 5.5 that, independent of number of registers, in every 

case but one in the eight experiments presented, the paging implementation had the 

greatest number of maximums.  In the one offending case, the paging implementation 

was close to tying for top spot:  the highest was dynamic paging with 88 peaks, paging 

had 86.)  This means that for each sequence, it was most likely that the highest peak 

belonged to the paging implementation.  This is a good indication that the paging 

implementation is creating code that saves contextC the paging implementation is ending 

up with a large number of maximums by utili zing more similar sequences or providing 

higher periodicity in the code.   

 One may argue that having the largest number of maximums means that the 

$%&'"%"()*)$+(-,#*(),#*!"#/"A+)$(@#)++#%.10#+?#)0"$!#1+/" #)+#&*!)$1.'*!#$(,)!.1)$+(,:#*(/#

are thus not spreading out their code among the sequences after all .  Evidence that this is 

not a sound argument can be gained from general inspection of Figures 5.1 to 5.6:  the 

paging implementation is clearly spreading out its code over the sequences present more 

so than the non-paging implementation.  Also, one must consider that if the paging 
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another implementation would most likely rival i t for the largest number of maximums 

across the eight experiments.  It is also observable from inspection of Figures 5.1 to 5.6 

that the paging implementation has a large number of peaks where the other 

implementations have very low peaks or no peaks at all. 

 Considering the number of minimums independent of register number, in every 

case but three in the eight experiments, the paging implementation has the lowest number 

of minimums (or is tied for that position, as occurs once).  This trend could indicate the 

flipside of the cause given for the greatest number of maximums trend: by concentrating 

+(#,&"1$?$1#3?$)-#1+/" #,"E." (1"s, all others wil l naturall y be explicitly penalized.  

Conversely, the non-paging implementation has the most minimum peaks.  This likely 

indicates that the non-paging implementation maximizes this number of low peaks by 

having high peaks by a large margin. 

 What about the middle peaks?  Here, the dynamic paging possesses the greatest 

number of middle values in 6 out of the 8 experiments.  The offending cases were low 

register number, low sequence length cases: 4 registers with sequence lengths of 2 and 3.  

By inspection, one can see that dynamic paging does not distribute across the sequences 

as well  as regular paging, but both surpass non-paging.  It seems that the distribution 

occurs for the dynamic paging for a different reason than regular paging, and that reason 

leads to mid-sized peaks compared to the other implementations for the sequences where 

the peaks are present.  It is likely that regular paging ends up with a more even 

distribution by starting with and keeping a page size of 4 throughout the algorithmC this 

leads to rescuing code thrown out with the smaller page sizes that periodically occur in 
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dynamic paging.  (Recall  dynamic paging cycles through pages sizes 1, 2, and 4, 

switching when a plateau is encountered.  See Chapter 3 for more details.)  Thus regular 

paging ends up with the greatest number of maximums and lowest number of minimums, 

in effect concentrating on creating specific code periodicities from the outset.  Dynamic 

paging, on the other hand, still  provides periodic code but is not as biased. 

 In any case, there are patterns representing search strategies that are evident from 

Figures 5.1 to 5.8 and the numerical analysis of those figures in Tables 5.2 to 5.5.  

Furthermore, paging implementations of both flavors keep context if the trends seen are 

explained as above and the evidence for the arguments provided is compell ing.  So how 

can one be sure this saving of the context is a good thing?  Recall  the motivation for this 

investigation provided in the first paragraph of this chapter:  one can see that the context-

saving is doing good things from the low redundancy in the graphs in Chapter 4.  That is, 

the paging ants have the context retained in their genome, and the ants gain fitness or 

explore the trail  quite well  in the initial portion of their genome.  The ants that do not 

have the context retained (do not use paging), solve the trail  ineffi ciently using most or 

all  of their genome (as established in Chapter 4).  So if the paging ants are keeping 

context of instructions through paging, then this context-saving must be how paging 

provides the ants with the more effectively coded solutions to the trial. 
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Chapter 6: Conclusions 
 
 
 

Section 6.1: Page-Based L-!" #$%&#' () *+%#,- . . -based GP 
 

 In Chapter 3 the page-based L-GP implementation of the San Mateo Trail is 

!" #$%&'"!( )*!($+,-)% "!( .+(/+0)1#(+%&2&*)3(.%""-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%-)##(.7+#"(+8(/+0 )1#(.%""-based GP ants with 

)*!(9&.7+6.(:; <#(')#"!( +*(+6%('" #.(=,&*&, 6,>(%"#63.#()*! (/+0 )1#('"#.(=,&*&, 6,>(

results.  Also, the thoughtful ants mean E-," )#6%"("?"*('" ) .(/+0 )1#('"#.(=,&*&, 6,>(

%"#63.#(8+%()*.#(3)$@&*2(: ;< #A((B7"(7C- "%()*.#(9"%"($+,-".&. &?"(9&.7(/+0)1#()*.#()#(9"33A 

 

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"##($+,-6. ) .&+*)3("88+%.(.7)*(.7"&%(7C- "%($+6*."%- )%.#A((B7"(.7+627.863()*.#1(9+%#.(D-

,") #6%"(-"%8+%, )*$"(9) #(#.&33('".."%(.7)*(.7"(7C- "%()*.#1('"#.(D-measure 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 et 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 



69 

 

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#()'&3&.&"#()*!(6*!" %3C&*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, et 

cetera) 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. 
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