TABLE OF CONTENTS1. Introduction12 . ...... Gene Duplication and Deletion in Nature23 . ...... Gene Duplication and Deletion in EvolutionaryA l g o r i t h m s 1 0 4 . ...... Background on Genetic Programming1 2 4.1............. Background on Automatically Defined Functions124.2............. Steps for Executing Genetic Programming144.3............. Methods of Determining the Architecture of a Multi-Part Program154.3.1.......... Method of Prospective Analysis164.3.2.......... Method of Seemingly Sufficient Capacity164.3.3.......... Method of Using Affordable Capacity174.3.4.......... Method of Retrospective Analysis174.3.5.......... Evolutionary Selection of the Architecture174.4............. Creation of the Initial Random Population in an ArchitecturallyDiverse Population184.5............. Structure-Preserving Crossover in an Architecturally DiverseP o p u l a t i o n 195 . ...... T h e S i x N e w A r c h i t e c t u r e - A l t e r i n g G e n e t i c O p e r a t i o n s 2 2 5.1............. Branch Duplication225.2............. Argument Duplication255.3............. Branch Deletion275.3.1.......... Branch Deletion by Consolidation275.3.2.......... Branch Deletion with Random Regeneration285.3.3.......... Branch Deletion by Macro Expansion285.4............. Argument Deletion295.4.1.......... Argument Deletion by Consolidation305.4.2.......... Argument Deletion with Random Regeneration305.4.3.......... Argument Deletion by Macro Expansion305.5............. Branch Creation315.6............. Argument Creation366 . ...... Rotating the Tires on an Automobile3 9 6.1............. Approach Without Automatically Defined Functions396.2............. Approach With Automatically Defined Functions406.3............. Approach With Evolutionary Selection of the Architecture416.4............. Approach With Architecture-Altering Operations426.4.1.......... Generalization by Means of Branch Deletion and Argument Deletion426.4.2.......... Specialization by Means of Branch Duplication and ArgumentDuplication436.4.3.......... Specialization by Means of Branch Creation and Argument Creation447 . ...... Examples of Actual Runs4 5 7.1............. Example 1457.2............. Example 2518 . ...... C o n c l u s i o n s 5 5 9 . ...... Future Work5 5 1 0 . . . . . A c k n o w l e d g e m e n t s 5 5 1 1 . . . . . B i b l i o g r a p h y 5 6

11. IntroductionIn nature, crossover ordinarily recombines a part of the chromosome of one parentwith a corresponding (homologous) part of the second parent’s chromosome.However, in certain very rare and unpredictable instances, this recombination doesnot occur in the usual way. A gene duplication is an illegitimate recombinationevent that results in the duplication of a lengthy subsequence of a chromosome.Susumu Ohno’s seminal 1970 book Evolution by Gene Duplication proposed theprovocative thesis that the creation of new proteins (and hence new structures andbehaviors in living things) begins with a gene duplication and that gene duplicationis "the major force of evolution."This report describes six new architecture-altering genetic operations for geneticprogramming that are suggested by the mechanism of gene duplication (and thecomplementary mechanism of gene deletion) in chromosome strings. This reportproposes that these new operations be added to the toolkit of genetic programmingwhen the user desires to evolve the architecture of a multi-part program containingautomatically defined functions (ADFs) during the run of genetic programming.The six new architecture-altering operations can be viewed from fivep e r s p e c t i v e s . First, the new architecture-altering operations provide a new way to solve theproblem of determining the architecture of the overall program in the context ofgenetic programming with automatically defined functions.Second, the new architecture-altering operations provide an automaticimplementation of the ability to specialize and generalize in the context of automatedp r o b l e m - s o l v i n g . Third, the new architecture-altering operations automatically and dynamicallychange the representation of the problem while simultaneously and automaticallysolving the problem.Fourth, the new architecture-altering operations automatically and dynamicallydecompose problems into subproblems and then automatically solve the overallproblem by assembling the solutions of the subproblems into a solution of the overallp r o b l e m . Fifth, the new architecture-altering operations automatically and dynamicallydiscover useful subspaces (usually of lower dimensionality than that of the overallproblem) and then automatically assemble a solution of the overall problem fromsolutions applicable to the individual subspaces.Section 2 of this report describes the naturally occurring processes of geneduplication and gene deletion. Section 3 describes analogs of gene duplication andgene deletion that have appeared in previous work with character strings in thefield of genetic algorithms and other evolutionary algorithms. Section 4.1 providesbasic background information on genetic programming and automatically definedfunctions. Section 4.2 lists the steps for executing genetic programming. Section 4.3describes the five existing methods for determining the architecture of multi-partprograms in the context of genetic programming with automatically definedfunctions. Section 4.4 describes different methods of creating the initial randompopulation when these new operations are being used. Section 4.5 describesstructure-preserving crossover with point typing in an architecturally diversepopulation. Section 5 describes the six new architecture-altering operations. Section6 illustrates the architecture-altering operations using a g e d a n k e n experimentinvolving the problem of rotating the tires on an automobile. Section 7 containssome examples of actual runs of genetic programming with the new architecture-altering operations. Section 8 is the conclusion and section 9 outlines future work.

22 . Gene Duplication and Deletion in NatureIn nature, deoxyribonucleic acid (DNA) is a long thread-like biological molecule thathas the ability to carry hereditary information. DNA also has the ability to serve as amodel for the production of replicas of itself. All known life forms on this planet(including bacteria, fungi, plants, animals, and humans) are based on the DNAmolecule. The DNA molecule (called the chromosome) consists of a backbone thatencases a long sequence of four nucleiotide bases: adenine (A ), guanine (G ), cytosine(C ), and thymine (T ) . Proteins are responsible for such a wide variety of biological structures andfunctions that it can be said that the structure and functions of living organisms areprimarily determined by proteins (Stryer 1988). For example, some proteinstransport particles such as electrons, atoms, or large macromolecules within livingorganisms (e.g., hemoglobin transports oxygen in blood). Some proteins storeparticular particles for later use (e.g., myoglobin stores oxygen in muscles). Someproteins generate nerve impulses (e.g., rhodopsin is the photoreceptor protein inretinal rod cells) while other proteins enable signals to be communicated in thenervous system. Some proteins provide physical structure (e.g., collagen gives skinand bone their high tensile strength). Other proteins create physical contractilemotion (e.g., actin and myosin). Proteins are the basis of the immune system (e.g.,antibodies recognize and combine in highly specific ways with foreign entities suchas bacteria). Hormonal proteins transmit chemical instructions throughout theliving organism. Other proteins control the expression of the genetic informationcontained in the nucleic acids that are responsible for the reproduction of theorganism. Growth-factor proteins control growth and differentiation.Protein molecules are polypeptides that are composed of sequences of betweenabout 50 and several thousand amino acids. The sequence of amino acids appearingin a protein are specified by the sequence of nucleiotide bases appearing in the DNA.Sub-sequences consisting of three nucleiotide bases of DNA (called a codon) aretranslated, using the genetic code, into one of 20 amino acids.Then, organisms consisting of proteins created in this manner spend their livesattempting to grapple with their environment. Some organisms in a givenpopulation do better than others in this pursuit. In particular, some organismssurvive to the age of reproduction, reproduce a certain number of offspring, andthereby pass on all or part of their genetic make-up (their DNA) to the nextgeneration of the population. Over a period of time and many generations, thepopulation as a whole evolves so as to give increasing representation to traits thatcontribute to survival of the organism in its environment, that facilitate the survivalof individual organisms to the age of reproduction, and that facilitate larger numbersof offspring.As Charles Darwin stated in On the Origin of Species by Means of Natural Selection(1859),"I think it would be a most extraordinary fact if no variation ever hadoccurred useful to each being’s own welfare ... . But if variations useful toany organic being do occur, assuredly individuals thus characterised willhave the best chance of being preserved in the struggle for life; and fromthe strong principle of inheritance they will tend to produce offspringsimilarly characterised. This principle of preservation, I have called, for thesake of brevity, Natural Selection."

3Biological populations display the ability to adapt, survive, and reproduce in theirnatural environments, to rapidly and robustly adapt in response to changes in theenvironment. Nature’s methods for adapting biological populations to theirenvironment and nature’s method of adapting these populations to successivechanges in their environments provides a potentially useful model for creatingautomated problem-solving techniques to problems that are generally thought torequire �intelligence� to solve.In nature, the naturally occurring genetic operations of mutation and crossover(sexual recombination) provide one way to alter the linear string of nucleiotidebases.Mutation, for example, alters the chromosomal string by changing one nucleiotidebase of the string. When the changed DNA is then translated into work-performingproteins in the living cell, the mutation may lead either to the manufacture of avariant of the original protein or, as is often the case, to no viable protein beingmanufactured from the altered portion of the DNA. The variant of the protein (orabsence of the protein) may then affect the structure and behavior of the livingthing in some advantageous or disadvantageous way. If the change is advantageous,natural selection will tend to perpetuate the change. In the more common situationwhere the random mutant is disadvantageous, natural selection will tend to cause theextinction of the mutant.When crossover is performed, the linear string of nucleiotide bases of anoffspring is created by recombining portions of the DNA of one parent with portionsof the DNA of the second parent. The offspring produced by crossover usually differfrom each parent by a substantial number of nucleiotide bases whereas the offspringproduced by mutation differ from the single parent by only one base.In addition to frequent changes introduced by mutation and crossover,chromosomes are occasionally also modified by other naturally occurring geneticoperations, such as gene duplication and gene deletion.Gene duplications are rare and unpredictable events in the evolution of genomicsequences. In gene duplication, there is a duplication of a portion of the linearstring of nucleiotide bases of the DNA in the living cell. When a gene duplicationoccurs, there is no immediate change in the proteins that are manufactured by theliving cell. The effect of a gene duplication is merely to create two identical ways ofmanufacturing the same protein. In the terminology of computer science, geneduplication is a semantics-preserving operation.Then, over a period of time, some other genetic operation, such as mutation orcrossover, may change one or the other of the two identical genes. Over shortperiods of time, the changes accumulating in the changing gene may be of nopractical effect or value. In fact, the changed part of the linear string of nucleiotidebases of the DNA will often not even produce a viable protein. However, as long asone of the two genes remains unchanged, the original protein manufactured fromthe unchanged gene continues to be manufactured and the structure and behavior ofthe organism involved continues as before. The changed gene is simply carriedalong in the DNA from generation to generation.Natural selection exerts considerable force in favor of maintaining a gene thatmanufactures a protein that is important for the successful performance andsurvival of a living organism. However, after a gene duplication has occurred, thereis no disadvantage associated with the loss of the s e c o n d way of manufacturing theoriginal protein. Consequently, natural selection usually exerts little or no pressureto maintain a second way of manufacturing the same protein. Over a period of time,the second gene may accumulate additional changes and diverge more and more fromthe original gene. Eventually the changed gene may lead to the manufacture of adistinctly new and different protein that actually does affect the structure andbehavior of the living thing in some advantageous or disadvantageous way. When a

4changed gene leads to the manufacture of a viable and advantageous new protein,natural selection again starts to work to preserve that new gene.Ohno’s Evolution by Gene Duplication (1970) corrects the mistaken notion thatnatural selection is a mechanism for promoting change. Instead, Ohno emphasizesthe essentially conservative role of natural selection in the evolutionary process:"...the true character of natural selection ... is not so much an advocator ormediator of heritable changes, but rather it is an extremely efficientpoliceman which conserves the vital base sequence of each gene containedin the genome. As long as one vital function is assigned to a single genelocus within the genome, natural selection effectively forbids theperpetuation of mutation affecting the active sites of a molecule." (Emphasisin original).Ohno further points out that simple point mutation and crossover are insufficientto explain major evolutionary changes."...while allelic changes at already existing gene loci suffice for racialdifferentiation within species as well as for adaptive radiation from animmediate ancestor, they cannot account for large changes in evolution,because large changes are made possible by the acquisition of new gene lociwith previously non-existent functions."Ohno continues,"Only by the accumulation of f o r b i d d e n mutations at the a c t i v e sites can thegene locus change its basic character and become a new gene locus. Anescape from the ruthless pressure of natural selection is provided by themechanism of gene duplication. By duplication, a redundant copy of a locusis created. Natural selection often ignores such a redundant copy, and, whilebeing ignored, it accumulates formerly forbidden mutations and is reborn asa new gene locus with a hitherto non-existent function." (Emphasis ino r i g i n a l ) . Ohno concludes,"Thus, gene duplication emerges as the major force of evolution."Ohno’s provocative thesis is supported by the discovery of pairs of proteins withsimilar sequences of DNA and similar sequences of amino acids, but differentfunctions. Examples include trypsin and chymotrypsin; the protein of microtubulesand actin of the skeletal muscle; myoglobin and the monomeric hemoglobin ofhagfish and lamprey; myoglobin used for storing oxygen in muscle cells and thesubunits of hemoglobin in red blood cells of vertebrates; and the light and heavyimmunoglobin chains (Nei 1987, Maeda and Smithies 1986, Dyson and Sherratt 1985,Brooks Low 1988, Patthy 1991, Go 1991, Hood and Hunkapiller 1991).The moth Chironomus tentans provides an additional example of gene duplicationin nature (Galli and Wislander 1993). In particular, we focus our attention on theparticular contiguous sequence containing 3,959 nucleiotide bases of the DNA of thismoth that is archived under accession number X70063 in the European MolecularBiology Laboratory (EMBL) database and the Gen Bank database. The 732 nucleiotidebases located at positions 918—1,649 of the 3,959 bases of the DNA sequence involvedbecome expressed as a protein containing 244 (i.e., one third of 732) amino acidresidues. The 759 nucleiotide bases at positions 2,513—3,271 become expressed as a

5protein containing 253 residues. The 732-base subsequence is called the "C. tentansSp38—40.A" gene and the 759-base subsequence is called "C. tentans Sp38—40.B." Thebases of DNA before position 918, the bases between positions 1,650 and 2,612, and thebases after position 3,371 of this sequence of length 3,959 do not become expressed asany protein.Both the "A" and the "B" proteins are secreted from the moth’s salivary gland toform two similar, but different, kinds of water-insoluble fibers. The two kinds offibers are, in turn, spun into one of two similar, but different, kinds of tubes. Onetube is for larval protection and feeding while the other tube is for pupation. Table 1 shows the bases of DNA in positions 900 through 3,399 of the 3,959nucleiotide bases of X70063. In the DNA sequence, A represents the nucleiotide baseadenine, C represents cytosine, G represents guanine, and T represents thymine.Each group of three consecutive bases (a codon) of DNA becomes expressed as one ofthe 20 amino acid residues of the protein. The letters A , T , and G appearing atpositions 918, 919, and 920, respectively in this reading frame, of the DNA sequenceare translated into the amino acid residue methionine (denoted by the single letter Musing the 20-letter coding for amino acid residues in proteins). Thus, methionine isthe first amino acid residue (i.e., N -terminal) of protein "A." Positions 921, 922, and923 of the DNA contain the bases A , G , and A , respectively, and these three bases, inthis reading frame, are translated into arginine (an amino acid residue denoted bythe letter R ). Thus, arginine is the second amino acid residue of protein "A" and theprotein sequence begins with the residues M and R . The DNA up to position 1,649encodes the first protein. Positions 1,647, 1648, and 1,649 code for the amino acidresident lysine (denoted by the letter K ). Thus, lysine is the last (244th) residue (i.e.,C -terminal) of protein "A."

6Table 1 Portion of a DNA sequence containing the two expressedp r o t e i n s . TGAAGTAATATTAAGCTATGAGAATTAAGTTCCTAGTAGTATTAGCAGTT950 MR I K F L V V L A VATCTGCTTGTTTGCACATTATGCCTCAGCTAGTGGTATGGGGGGTGATAA1000I C L F A H Y A S AS G M G G D KAAAACCCAAAGATGCCCCAAAACCCAAAGATGCCCCAAAACCCAAAGAAG1050 K P KD A P K P K D A P KP K E VTGAAGCCTGTCAAAGCTGAGTCATCAGAGTATGAGATAGAAGTCATTAAA1100 K P V K A ES S E Y E I E V I KCACCAGAAAGAAAAGACCGAGAAGAAGGAGAAGGAGAAGAAGACTCACGT1150H Q K E K T E K K EK E K K T H VTGAAACCAAGAAAGAAGTTAAAAAGAAGGAGAAGAAGCAAATCCCTTGTT1200 E T KK E V K K K E K K QI P C SCTGAAAAACTCAAGGATGAAAAACTTGATTGTGAGACCAAGGGCGTCCCT1250 E K L K D EK L D C E T K G V PGCAGGCTACAAAGCAATCTTCAAATTCACAGAAAACGAGGAGTGCGATTG1300A G Y K A I F K F TE N E E C D WGACGTGCGATTATGAAGCACTTCCACCACCTCCAGGAGCAAAGAAAGACG1350 T C DY E A L P P P P G AK K D DACAAGAAAGAAAAGAAGACAGTTAAAGTCGTTAAGCCACCAAAGGAGAAA1400 K K E K K TV K V V K P P K E KCCACCAAAGAAGCTTAGAAAGGAATGCTCTGGCGAAAAAGTGATCAAATT1450P P K K L R K E C SG E K V I K FCCAAAACTGTCTCGTTAAGATTAGAGGACTTATTGCCTTTGGTGATAAGA1500 Q N CL V K I R G L I A FG D K TCAAAGAACTTTGATAAGAAGTTCGCAAAGCTTGTCCAAGGAAAGCAGAAG1550 K N F D K KF A K L V Q G K Q KAAGGGCGCAAAAAAAGCTAAAGGCGGTAAGAAGGCAGCACCAAAACCAGG1600K G A K K A K G G KK A A P K P GACCAAAACCAGGGCCAAAACAAGCTGATAAACCAAAAGATGCAAAAAAAT1650 P K PG P K Q A D K P K DA K KAAACTGACATAGTAAGAATAATAAAATAAACATTATTTGAGCAACATCAC1700AACACAAGAAAAAAATCATATCAACATAATTAAGACCTAAAAATTCTCGC1750TATTCACTTTTTTTCAAATGAATATCCAAAACAACATCATTAAGGGATCT1800TACACAATTTTATCCCAAATTAGTTTTAAGTCTATTTTTTAGTTTTAAGT1850AAAACATTAGTTAGAGAAATTTCAAATGCGAAAAAAAGACAAAATCAAAA1900TTAACTCCAACTAATTGTCTAGATCTAATCACCACTGAAAAACAATATTT1950TTTTCAATAATATCTGAGATGAAAATTTTGTAAGATACGATTCAAAAAAA2000AAAAAACAAAAACTTAAATATTTTCTTTATAAGAAAGTAAAAAACTTACA2050TGAACAACAAGTAGACTAAGGGCTTAAAAATACTAAGGAATTTAAAGAAA2100

7CTGAACCAATAACATCCAATAAATATAAGCGTGTATTTAACATCCATTCA2150TGCAAAATTTGACTTGTTTTATTCTAAACTTTTGAATTGTGAATATTTTT2200GATGATTATTGAATATTTTACAGCATTTTTCGACAAAATCCAAGGAAACT2250GTTTTGTTTAATATATACTACAGCTCAGTATCTATGCACACGAAAAACTG2300TAACAGACCAGACCATAAAACCTACACATCACCAAGATACGTATTTTAAA2350TTCATGTGACTGACAAAAGCTGGAAACACTTGTGTCACGTCATGAAAACC2400TCGTTGAAATAAAACTTCTAGAAAGGTTATCATGAAAGAGTATAAAAGAG2450ATCTCAAACGAGGCTCAGTCAGTTCAGTTTAGCTTGGACTTCATATGAAG2500TAATATTTAGCTATGAGAATTAAGTTCCTAGTAGTATTAGCAGTTATCTG2550 M R I K F LV V L A V I CCTTGCTTGCACATTATGCCTCAGCTAGTGGTATGGGGGGTGATAAAAAAC2600 L L AH Y A S A S G M G GD K K PCCAAAGATGCCCCAAAACCCAAAGATGCCCCAAAACCCAAAGAAGTGAAG2650 K D A P K PK D A P K P K E V KCCTGTCAAAGCTGACTCATCAGAGTATGAGATAGAAGTCATTAAACACCA2700P V K A D S S E Y EI E V I K H QGAAAGAAAAGACCGAGAAGAAGGAGAAGGAGAAGAAAGCTCACGTCGAAA2750 K E KT E K K E K E K K AH V E ITCAAGAAAAAGATTAAAAATAAGGAGAAGAAGTTTGTCCCATGTTCTGAA2800 K K K I K NK E K K F V P C S EATTCTCAAGGATGAAAAACTTGAATGTGAGAAAAATGCTACTCCAGGCTA2850I L K D E K L E C EK N A T P G YTAAAGCACTCTTCGAATTCAAAGAAAGCGAAAGTTTTTGCGAATGGGAGT2900 K A LF E F K E S E S F CE W E CGCGATTATGAAGCAATTCCAGGAGCAAAGAAAGACGAAAAAAAGGAGAAG2950 D Y E A I PG A K K D E K K E KAAGGTAGTTAAAGTCATTAAGCCACCAAAGGAAAAACCACCAAAGAAGCC3000K V V K V I K P P KE K P P K K PTAGAAAGGAATGCTCTGGCGAAAAAGTGATCAAATTCCAAAACTGTCTCG3050 R K EC S G E K V I K F QN C L VTTAAGATTAGAGGACTTATTGCCTTTGGTGATAAGACAAAGAACTTTGAT3100 K I R G L IA F G D K T K N F DAAGAAGTTTGCAAAGCTTGTCCAAGGAAAGCAAAAGAAGGGCGCAAAAAA3150K K F A K L V Q G KQ K K G A K KAGCTAAAGGCGGTAAGAAGGCAGAACCAAAACCAGGACCAAAACCAGCAC3200 A K GG K K A E P K P G PK P A PCAAAACCAGGACCAAAACCAGCACCAAAACCAGTACCAAAACCAGCTGAT3250 K P G P K PA P K P V P K P A DAAACCAAAAGATGCAAAAAAATAAACTGACATAGTGAGAATAATAAAATA3300K P K D A K K

8Table 2 shows the 244 amino acid residues of the C. tentans Sp38—40.A protein.Table 2 Protein sequence of "A" protein.MRIKFLVVLAVICLFAHYASASGMGGDKKPKDAPKPKDAPKPKEVKPVKA50ESSEYEIEVIKHQKEKTEKKEKEKKTHVETKKEVKKKEKKQIPCSEKLKD100EKLDCETKGVPAGYKAIFKFTENEECDWTCDYEALPPPPGAKKDDKKEKK150TVKVVKPPKEKPPKKLRKECSGEKVIKFQNCLVKIRGLIAFGDKTKNFDK200KFAKLVQGKQKKGAKKAKGGKKAAPKPGPKPGPKQADKPKDAKK244Table 3 shows the 253 amino acid residues of the C. tentans Sp38—40.A protein.Table 3 Protein sequence of "B" protein.MRIKFLVVLAVICLLAHYASASGMGGDKKPKDAPKPKDAPKPKEVKPVKA50DSSEYEIEVIKHQKEKTEKKEKEKKAHVEIKKKIKNKEKKFVPCSEILKD100EKLECEKNATPGYKALFEFKESESFCEWECDYEAIPGAKKDEKKEKKVVK150VIKPPKEKPPKKPRKECSGEKVIKFQNCLVKIRGLIAFGDKTKNFDKKFA200KLVQGKQKKGAKKAKGGKKAEPKPGPKPAPKPGPKPAPKPVPKPADKPKD250AKK253The two proteins are similar, but different. For example, the first 14 amino acidresidues are identical. Residue 15 of the "A" protein is phenylalanine (F ), while theresidue 15 of the "B" protein is leucine (L), a chemically similar amino acid. Residues16—50 are identical. Residue 51 of the "A" protein is glutamic acid (E), while residue 51of the "B" protein is Aspartic acid (D ). Both D and E are similar in that both areelectrically negatively charged residues at normal pH values. However, for somepositions, such as 76, the amino acid residues (T and A ) are not chemically orelectrically similar.If we now read from the end of each protein, we see that the last five residues ofeach protein are identical. That is, positions 240—244 of protein "A" are identical topositions 249—253 of protein "B." Since the proteins are of different length,identification of this particular similarity between the two proteins requiresaligning the two proteins in some way. Protein alignment algorithms, such as theSmith-Waterman algorithm (Smith and Waterman 1981), provide a way to align twoproteins and to measure the degree of similarity or dissimilarity between twoproteins. The Smith-Waterman algorithm is a progressive alignment methodemploying dynamic programming based on a scoring algorithm. Since the proteinsbeing aligned are typically of different lengths, gaps may be introduced (and thenlengthened) in an attempt to best align the residues making up the proteins. Apenalty is assessed to open a gap (5 here) and another penalty is assessed to lengthena gap (25 here). An additional penalty is assessed when one residue disagrees withanother. This penalty is smaller for substitutions involving similar amino acidresidues. The PAM-250 ("Percentage of Accepted point Mutations") matrix is used toreflect the likelihood of one amino acid residue being mutated into another. Theoverall scoring algorithm performs a tradeoff employing dynamic programmingbetween the penalties assessed by the PAM-250 matrix, the gap-opening penalty, andthe gap-lengthening penalty. The Smith-Waterman algorithm has beenimplemented in GeneWorks, a software package available from Intelligenetics Inc. ofMountain View, California.Table 4 shows the alignment of the C. tentans Sp38—40.A protein and the C. tentansSp38—40.B protein. Identical residues are boxed. The alignment shows that there is8l% identity between the two protein sequences. As can be seen, the first

9disagreement between the two aligned sequences occurs at position 15 and the secondoccurs at residue 51. The first gap is introduced at residue 112 where the "A" proteinhas an alanine (A ) residue. A gap of length 3 is introduced at positions 147, 148, and149 where the "A" protein has three proline (P ) residues. Note that this alignmentrecognizes the identity between the last five residues of the two proteins. Thisalignment has a total cost of 265.Galli and Wislander (1993) point out that these two similar proteins arise as aconsequence of a gene duplication. Immediately after the gene duplication occurredat some time in the distant past, there were two identical copies of the duplicatedsequence of DNA. Over a period of millions of years since the initial geneduplication, additional mutations accumulated so that the two proteins are now only81% identical (after alignment). More importantly, the two proteins now performdifferent (but similar) functions in the moth.Table 4 Protein alignment of the "A" and "B" proteins.First.proteinMRIKFLVVLA VICLFAHYAS ASGMGGDKKP KDAPKPKDAP KPKEVKPVKA 50Second.proteinMRIKFLVVLA VICLLAHYAS ASGMGGDKKP KDAPKPKDAP KPKEVKPVKA 50First.proteinESSEYEIEVI KHQKEKTEKK EKEKKTHVET KKEVKKKEKK QIPCSEKLKD 100Second.proteinDSSEYEIEVI KHQKEKTEKK EKEKKAHVEI KKKIKNKEKK FVPCSEILKD 100First.proteinEKLDCETKGV PAGYKAIFKF TENEE-CDWT CDYEALPPPP GAKKDDKKEK 149Second.proteinEKLECEKNAT P-GYKALFEF KESESFCEWE CDYEAI---P GAKKDEKKEK 146First.proteinKTVKVVKPPK EKPPKKLRKE CSGEKVIKFQ NCLVKIRGLI AFGDKTKNFD 199Second.proteinKVVKVIKPPK EKPPKKPRKE CSGEKVIKFQ NCLVKIRGLI AFGDKTKNFD 196First.proteinKKFAKLVQGK QKKGAKKAKG GKKAAPKPGP KPGPK----Q ADKP------ 239Second.proteinKKFAKLVQGK QKKGAKKAKG GKKAEPKPGP KPAPKPGPKP APKPVPKPAD 246First.protein--KDAKK244Second.proteinKPKDAKK253Gene deletion also occurs in nature. In gene deletion, there is a deletion of aportion of the linear string of nucleiotide bases that would otherwise be translatedand manufactured into work-performing proteins in the living cell. After a genedeletion occurs, some particular protein that was formerly manufactured will nolonger be manufactured and there may be some change in the structure or behaviorof the biological entity. The absence of the protein may then affect the structure andbehavior of the living thing in some advantageous or disadvantageous way. If thedeletion is advantageous, natural selection will tend to perpetuate the change, but ifthe deletion is disadvantageous, natural selection will tend to lead to the extinction ofthe change.

1 0 3 . Gene Duplication and Deletion in EvolutionaryAlgorithmsAnalogs of the naturally occurring operation of gene duplication have been used inconnection with the genetic algorithm and other evolutionary algorithms for somet i m e . Cavicchio (1970) used intrachromosomal gene duplication in early work onpattern recognition using the genetic algorithm (Goldberg 1989).Holland (1975) suggested that intrachromosomal gene duplication might provide amean of adaptively modifying the effective mutation rate by making two or morecopies of a substring of adjacent alleles. If there are k copies of an allele, theprobability of a mutation of a particular allele is k times greater than if there werebut one occurrence of the allele.Gene duplication is implicitly used in the messy genetic algorithm (Goldberg,Korb, and Deb 1989).Lindgren (1991) analyzed the prisoner’s dilemma game using an evolutionaryalgorithm that employed an operation analogous to naturally occurring gened u p l i c a t i o n . The prisoner’s dilemma is a problem in game theory with numerous psychological,sociological, and geopolitical interpretations. In this game, two players can eithercooperate or not cooperate. The players make their moves simultaneously andwithout communication. Each player then receives a payoff that depends on hismove and the simultaneous move of the other player. The payoffs in the prisoner’sdilemma game are arranged so that a non-cooperative choice by one player alwaysyields a greater payoff to that player than a cooperative choice (regardless of whatthe other player does). However, if both players are selfishly non-cooperative, theyare both worse off than if they had both cooperated. The game is not a zero-sumgame because, among other things, both players are better off if they both cooperate.For a single encounter, the best strategy for each player is to be non-cooperativeeven though both are worse off than if they had both cooperated. However, thesituation becomes considerably more interesting and complex if the two playersengage in this game over a series of plays. In this so-called iterated version of theprisoner’s dilemma, it becomes advantageous for cooperation to evolve (Axelrod 1984,1987).In Lindgren’s work, strategies for playing the game over a series of plays areexpressed as fixed-length binary character strings of length 2, 4, 8, 16, or 32. Stringsof length 2 represent game-playing strategies that take account of only the oneprevious action by the opponent. For example, the string 01 instructs the player tomake a non-cooperative move (indicated by a 0) if the opponent made anuncooperative move on his previous move and to make a cooperative move (indicatedby 1) if the opponent just made a cooperative move. This particular strategy is called"tit-for-tat" since the player mimics his opponent’s previous move. The string 10 iscalled "anti-tit-for-tat" because it instructs the player to do the opposite of what theopponent did on the previous move. String 11 is "Mr. Nice Guy" and 00 is "DarthVader."The 16 strategies represented by strings of length 4 take account of the player’sown previous action as well as the opponent’s previous action. Strings of length 8look back even farther and take account of the opponent’s action two moves ago inaddition to both players’ actions one move ago. Similarly, strings of length 16 and 32take account of additional previous moves of the opponent and/or the player.Lindgren used an evolutionary algorithm to evolve a population of game-playingstrategies with varying degrees of look-back. Lindgren started with a population of

111,000 consisting of 250 copies of each of the 4 possible strings of length 2. The fitnessof a string is measured according to the average score achieved by the strategy whenthat strategy is played interactively against all other strategies in the population. Ateach generational step of the process, a string is copied (reproduced) in proportionto its fitness.The strings in the population are occasionally modified by Lindgren’sevolutionary algorithm using three operations.First, a mutation operation randomly alters a single bit in a single string.Second, a gene duplication operation doubles a given character string. Forexample, the gene duplication operation transforms the string 01 into 0101. Thisoperation has no immediate effect on the play because this lengthened string takesthe previous move of the player himself into account, but then causes the very sameaction to be taken.Third, a gene deletion operation (that Lindgren calls "split mutation") cuts thelength of a string in half by randomly deleting either the first or second half of thestring. For example, when this operation is applied to the string 1100, the result iseither the string 11 or 00 (with equal probability). In general, this operation doeshave an immediate effect on the play.Lindgren’s evolutionary algorithm did not contain the crossover (recombination)o p e r a t i o n . Over a period of many generations, Lindgren (1991) found that the dynamics ofthis population of game-playing strategies exhibited many interesting evolutionaryphenomena. Strategies with varying degrees of look-back spontaneously emerged,prospered, and became extinct. The phenomena of mass extinction and punctuatedequilibrium were seen in the population as a whole while the evolutionary processp r o g r e s s e d .

1 2 4 . Background on Genetic ProgrammingJohn Holland’s pioneering 1975 Adaptation in Natural and Artificial Systemsdescribed how the evolutionary process in nature can be applied to artificial systemsusing the genetic algorithm operating on fixed length character strings (Holland1975). Additional information on current work in genetic algorithms can be found inGoldberg (1989), Forrest (1993), Davis (1987, 1991), and Michalewicz (1992).Genetic programming is an extension of the genetic algorithm in which thegenetic population consists of computer programs (that is, compositions of primitivefunctions, terminals, and possibly automatically defined functions).Genetic programming starts with a primordial ooze of randomly generatedcomputer programs composed of available programmatic ingredients and thengenetically breeds the population of programs using the Darwinian principle ofsurvival of the fittest and an analog of the naturally occurring genetic operation ofcrossover (sexual recombination). Genetic programming is described in the bookGenetic Programming: On the Programming of Computers by Means of NaturalSelection (Koza 1992). A videotape description of genetic programming can be foundin Koza and Rice 1992. Genetic programming is capable of evolving computerprograms that solve, or approximately solve, various problems from various fields.Many examples of recent work in genetic programming can be found in Kinnear(1994).4 . 1 . Background on Automatically Defined FunctionsMany problem environments have regularities, symmetries, homogeneities,similarities, patterns, and modularities that can be exploited in solving the problem.An automatically defined function is a function (i.e., subroutine, procedure,module, D E F U N ) that is dynamically evolved during a run of genetic programming inassociation with a particular individual program in the population and which may beinvoked by a calling program (e.g., a main program) that is simultaneously beingevolved.Automatically defined functions can be implemented within the context of geneticprogramming by establishing a constrained syntactic structure for the overallprograms in the population. ADFs are described briefly in Koza 1992 and moreextensively in the book Genetic Programming II: Automatic Discovery of ReusableP r o g r a m s (Koza 1994a). A videotape description of automatically defined functionscan be found in Koza 1994b.When automatically defined functions are being used, each program in thepopulation contains one or more function-defining branches (each defining oneautomatically defined function) and one main result-producing branch. Theautomatically defined functions can perform arithmetic, conditional, and other typesof operations, define constants, define subsets, and so forth. In addition, for certainproblems, there may be other problem-specific types of branches (such as iteration-performing branches and iteration-terminating branches).Figure 1 shows an overall program consisting of one two-argument automaticallydefined function and one result-producing branch.

progn400 defun

ADF0 values

ORARG1

ARG0

ARG1 AND LIST

410411412419

413414420421422423424

D1D2D0D3D4D0ADF0NANDADF0NOR

470481482483486480485487489490488491

Figure 1: A program with one two-argument automatically definedfunction (A D F 0 ) and one result-producing branch with an argument mapof {2}.The argument map describes the architecture of a multi-part program in terms ofthe number of its function-defining branches and the number of arguments thatthey each possess. The argument map of the set of automatically defined functionsbelonging to an overall program is the list containing the number of argumentspossessed by each automatically defined function in the program. The argument mapfor the overall program in figure 1 is {2} because there is one function-definingbranch that takes two arguments.The program in figure 1 contains architecture-defining points (also sometimescalled "invariant points" because they are not altered by crossover or mutation) ofthe following types:(1) the P R O G N (labeled 400) appearing as the top-most point of the overall program,(2) a D E F U N (labeled 410) as the top-most point of the function-defining branch,(3) a name (i.e. A D F 0 labeled 411) appearing as the first argument below the D E F U N ,(4) the function L I S T (labeled 412) appearing as the second argument of the D E F U N ,(5) dummy arguments (such as A R G 0 and A R G 1 labeled as 413 and 414, respectively)appearing below L I S T ,(6) the V A L U E S (labeled 419) of the function-defining branch appearing as thethird argument of the D E F U N , and(7) the V A L U E S (labeled 470) of the result-producing branch appearing as the finalargument of PROGN.If the program in figure 1 were to have more than one automatically definedfunctions, there would be additional occurrences of items (2), (3), (4), (5), and (6) foreach additional function-defining branch.The program in figure 1 also contains work-performing points (also sometimescalled "noninvariant points" because these points are almost always different frombranch to branch within a program and from program to program within thepopulation). These work-performing points are the bodies of the result-producingbranch and the function-defining branch(es).The work-performing points of figure 1 include(1) the five points labeled 420, 421, 422, 423, and 424 that are found below theV A L U E S (labeled 419) in the function-defining branch, and(2) the 11 points starting with the A N D (labeled 480) that are found below theVALUES (labeled 470).

1 4 The result-producing branch may invoke all, some, or none of the automaticallydefined functions that are present within the overall program. The result-producingbranch does not contain dummy arguments (formal parameters). The result-producing branch typically contains the actual variables of the problem (e.g., D 0 , D 1 ,D 2 , etc. here).The value returned by the overall program consists of the value returned by theresult-producing branch.The automatically defined functions of a particular overall program are usuallynamed sequentially as ADF0, ADF1, etc.The automatically defined functions typically each possess a certain number ofdummy arguments (formal parameters). Here, A D F 0 possesses two dummy arguments,A R G 0 and A R G 1 . Typically, the actual variables do not appear in the function-definingb r a n c h e s . If the overall program has more than one automatically defined function, theremay (or may not) be hierarchical references between function-defining branches.For example, the function-defining of an overall program may be allowed to refer(non-recursively) to all other previously-defined (i.e., lower numbered) function-defining branches.References within a particular program to an automatically defined function areto the automatically defined function belonging to that particular program.Actions (with side effects) may be performed within the function-definingbranches, the result-producing branches, or both.When automatically defined functions are being used, the initial randomgeneration of the population must be created so that each individual overall programin the population has the intended constrained syntactic structure. In figure 1, theconstrained syntactic structure calls for one result-producing branch and onefunction-defining branch. The function-defining branch for A D F 0 is a randomcomposition of functions from the function set, Fadf, and terminals from the terminalset, Tadf. Here the function set, Fadf, consists of the two-argument Boolean functionsAND, OR, NAND, and NOR. The terminal set, Trpb, of the function-defining branch consistsof the two dummy arguments (formal parameters), A R G 0 and A R G 1 . The result-producing branch is a random composition of functions from the function set, Frpb,and terminals from the terminal set, Tr p b . In figure 1, the function set, Frpb, of theresult-producing branch consists of the two-argument Boolean functions A N D , O R ,N A N D , and N O R as well as the now-defined automatically defined function, A D F 0 . Theterminal set, Trpb, of the result-producing branch consists of the five actual variablesof the problem (i.e., D0, D1, D2, etc.).4 . 2 . Steps for Executing Genetic ProgrammingGenetic programming is a domain-independent method that genetically breedspopulations of computer programs to solve problems.Execution of genetic programming consists of the following steps. The sixoperations appearing as items (2)(c)(iii) through (2)(c)(ix) are the newarchitecture-altering operations described in detail in a later section below.The steps for executing genetic programming are as follows:(1) Generate an initial random population of computer programs.(2) Iteratively perform the following sub-steps until the termination criterionhas been satisfied:(a) Execute each program in the population and assign it (explicitly orimplicitly) a fitness value according to how well it solves the problem.

15(b) Select program(s) from the population to participate in the geneticoperations in (c) below.(c) Create new program(s) for the population by applying the followinggenetic operations.(i)R e p r o d u c t i o n : Copy an existing program to the new population.(ii)C r o s s o v e r : Create new offspring program(s) for the new population byrecombining randomly chosen parts of two existing programs.(iii) M u t a t i o n . Create one new offspring program for the new populationby randomly mutating a randomly chosen part of one existingp r o g r a m . (iv) Branch duplication: Create one new offspring program for the newpopulation by duplicating one function-defining branch of oneexisting program and making additional appropriate changes toreflect this change.(v) Argument duplication: Create one new offspring program for thenew population by duplicating one argument of one function-defining branch of one existing program and making additionalappropriate changes to reflect this change.(vi) Branch deletion: Create one new offspring program for the newpopulation by deleting one function-defining branch of oneexisting program and making additional appropriate changes toreflect this change.(vii) Argument deletion: Create one new offspring program for the newpopulation by deleting one argument of one function-definingbranch of one existing program and making additional appropriatechanges to reflect this change.(viii) Branch Creation: Create one new offspring program for the newpopulation by adding one new function-defining branch containinga portion of an existing branch and creating a reference to that newb r a n c h . (ix) A r g u m e n t c r e a t i o n : Create one new offspring program for thepopulation by adding one new argument to the argument list of anexisting function-defining branch and appropriately modifyingreferences to that branch.(3) After satisfaction of the termination criterion (which usually includes amaximum number of generations to be run as well as a problem-specificsuccess predicate), the single best computer program in the populationproduced during the run (the best-so-far individual) is designated as theresult of the run. This result may (or may not) be a solution (or approximatesolution) to the problem.4 . 3 . Methods of Determining the Architecture of a Multi-PartProgramBefore applying genetic programming to a problem, it is first necessary to performat least five major preparatory steps. These steps involve determining(1) the set of terminals for each branch,(2) the set of functions for each branch,(3) the fitness measure,(4) the parameters for controlling the run, and(5) the result designation method and termination criterion.

1 6 In addition, when automatically defined functions are used, it is first necessary toperform a sixth major preparatory step. The sixth major step concerns thearchitecture of the yet-to-be-evolved overall programs in the population andinvolves determining(a) the number of function-defining branches,(b) the number of arguments possessed by each function-defining branch, and(c) if there is more than one function-defining branch, the nature of thehierarchical references (if any) allowed between the function-definingb r a n c h e s . Sometimes these architectural choices flow so directly from the nature of theproblem that they are obvious and virtually mandated. However, in general, there isno way of knowing a priori the optimal (or minimum) number of automaticallydefined functions that will prove to be useful for a given problem, or the optimal (orminimum) number of arguments for each automatically defined function, or theoptimal (or sufficient) arrangement of hierarchical references among theautomatically defined functions.The five existing methods (Koza 1994a) for making these architectural choicesinclude methods based on(1) prospective analysis of the nature of the problem,(2) seemingly sufficient capacity (overspecification),(3) affordable capacity,(4) retrospective analysis of the results of actual runs, and(5) evolutionary selection of the architecture.4 . 3 . 1 . Method of Prospective AnalysisSome problems can be analyzed and decomposed into subproblems of knowndimensionality. This insight or information can then be used to establish a commonarchitecture for all programs in the population.For example, some problems involve finding a computer program (i.e., amathematical expression, a composition of primitive functions and terminals) thatproduces the observed value of a dependent variable as its output when given thevalues of a certain number of independent variables as input. Problems of this typeare called problems of symbolic regression, system identification, or simply "blackbox" problems. In many instances, it may be known that a certain number of theindependent variables represent a certain relevant subspace or subsystem. In thatevent, the problem may be decomposed into subproblems based on the known(usually lower) dimensionality of the subspace or subsystem. When applying geneticprogramming with automatically defined functions to a problem where one discernsa subproblem of a certain dimensionality, one can use this insight to make thenumber of arguments of at least one of the function-defining branches equal to thisdimensionality. Also, if it is known that there are a certain number of subspaces orsubsystems, one could use this insight to choose that number as the number offunction-defining branches. In practice, exact knowledge of these numbers isunnecessary; upper bounds on these numbers can be used to make the choice of thenumber of function-defining branches and the number of arguments possessed byeach function-defining branch.4 . 3 . 2 . Method of Seemingly Sufficient CapacityFor many problems, the choice of the common architecture for the programs in thepopulation can be made on the basis of providing seemingly sufficient capacity. That

17is, one over-specifies the number of function-defining branches and the number ofarguments possessed by each function-defining branch. Over-specification oftenworks because genetic programming with automatically defined functions exhibitsconsiderable ability to ignore extraneous dummy arguments of an automaticallydefined function, to ignore extraneous automatically defined functions, and to ignoreunproductive hierarchical references among already-defined automatically definedf u n c t i o n s . 4 . 3 . 3 . Method of Using Affordable CapacityResources are required by each additional function-defining branch and eachadditional argument, especially if the function-defining branches are permitted toinvoke one another hierarchically. Thus, the practical reality is the amount ofresources that one can afford to devote to a particular problem will stronglyinfluence or dictate the choice of the common architecture for the programs in thepopulation. Often the architectural choice is necessarily made on the basis of hopingthat the resources that one can afford to devote to the problem will prove to besufficient to solve the problem.4 . 3 . 4 . Method of Retrospective AnalysisA retrospective analysis of the results of sets of actual runs made with variousarchitectural choices can determine the optimal architectural choice for a givenproblem. The idea is to make a number of runs of the problem with differentcombinations of the number of function-defining branches and the number ofarguments that they each possess, to retrospectively compute the effort required tosolve the problem with each such architecture, and to identify the optimalarchitecture. If one is dealing with a series of related problems, a thoroughretrospective analysis of one problem may provide guidance for making the requiredarchitectural choice for a similar problem.4 . 3 . 5 . Evolutionary Selection of the ArchitectureThe fifth technique for establishing the architecture of the overall program forsolving a problem is to evolutionarily select the architecture dynamically during therun of genetic programming (described in Koza 1994a, chapters 21 — 25).The technique of evolutionary selection starts with an architecturally diverseinitial random population. As the evolutionary process proceeds, certain individualswith certain architectures in the population will prove to be more fit than others insolving the problem. The more fit architectures prosper, while the less fitarchitectures tend to wither away. Eventually a program with a particulararchitecture may emerge that solves the problem.In this technique, various different architectures are created at the initial randomgeneration (generation 0); however, no new architectures are ever created duringthe run and no architectures are altered during the run. There is a competitionamong the existing architectures during the course of the run.The architecturally diverse populations used with the technique of evolutionaryselection require a modification of both the method of creating the initial randompopulation (described in the next section below) and the crossover operation(described in the succeeding section below). Modifications are also required whenthe six new architecture-altering operations are used.

1 8 4 . 4 . Creation of the Initial Random Population in anArchitecturally Diverse PopulationThe initial random population of programs may be created in any one of severalpossible ways when the six new architecture-altering operations described below arebeing used.One possibility (called the "minimalist approach") is that each multi-part programin the initial random population at generation 0 has a uniform architecture withexactly one automatically defined function possessing the minimal number ofarguments appropriate to the problem. For example, for a problem involvingfloating-point variables, the argument map of every individual in generation 0would usually be {1} under the "minimalist approach".A second possibility is that each program in the initial population has a uniformarchitecture with no automatically defined functions (i.e., only a result-producingbranch). That is, the argument map of every individual in generation 0 is {}. In thisevent, the operation of branch creation must used to create function-definingbranches. This operation may then be used with an unusually high frequency ongeneration 0 (where it is called the "big bang") to rapidly introduce multi-partprograms into the population.A third possibility is that the population at generation 0 is architecturally diverse.This is the approach used when the technique of evolutionary selection of thearchitecture is being used. In this approach, the creation of an individual programin the initial random population begins with a random choice of the number ofautomatically defined functions, if any, that will belong to the program. Then aseries of independent random choices is made for the number of arguments possessedby e a c h automatically defined function, if any, in the program. All of these randomchoices are made within a wide range that includes every number that mightreasonably be thought to be useful for the problem at hand. Zero is included in therange of choices for the number of automatically defined functions, so the initialrandom population also includes some programs without any automatically definedfunctions. Once the number of automatically defined functions is chosen for aparticular overall program, the automatically defined functions, if any, aresystematically named in the usual sequential manner from left to right.The range of possibly useful numbers of arguments for the automatically definedfunctions cannot, in general, be predicted with certainty for an arbitrary problem.There are some problems involving only a few actual variables where it is useful tohave an automatically defined function that takes a large number of arguments.However, most problem-solving efforts focus primarily on solving problems bydecomposing them into problems of lower dimensionality. Accordingly, it may bereasonable to cap the range of the number of probably-useful arguments for eachautomatically defined function by the number of actual variables of the problem.There is no guarantee that this cap (motivated by the desire to decompose problems)or any other cap is necessarily optimal, desirable, or sufficient to solve a givenproblem. In any event, practical considerations concerning resources often play acontrolling role in setting the upper bound on the number of arguments to bep e r m i t t e d . The range of potentially useful numbers of automatically defined functionscannot, in general, be predicted with certainty for an arbitrary problem. Thenumber of potentially useful automatically defined functions does not necessarilybear any relation to the dimensionality of the problem. However, once again,considerations of resources play a controlling role in setting the upper bound on thenumber of automatically defined functions to be permitted. In practice, we often capthe number of automatically defined functions at the number of actual variables ofthe problem.

19In practice, a zero-argument automatically defined function may or may not be ameaningful option. In the floating-point, integer, and certain other domains, it maybe useful to include random constants because a zero-argument automatically definedfunction can be used to create an evolvable constant that can then be repeatedlycalled from elsewhere in the overall program. However, in the special case of theBoolean domain, the two possible Boolean constants (T or N I L ) have limited usefulnessbecause all compositions of these two constants merely evaluate to one of these twovalues. If an automatically defined function has no access to the actual variables ofthe problem, has no dummy variables, does not contain any side-effecting primitivefunctions, and does not contain any random constants, nothing is available to serveas terminals (leaves) of the program tree in the body of such a zero-argumentautomatically defined function.Random choices occurring during the creation of the initial random populationdetermine whether the body of any particular function-defining branch of anyparticular program in the population actually hierarchically calls all, none, or someof the automatically defined functions that it is theoretically permitted to call.Subsequent crossovers may, of course, change the body of a particular function-defining branch during the run and thereby change the automatically definedfunctions that a branch actually calls hierarchically. Thus, the function-definingbranches have the ability to organize themselves into arbitrary disjoint hierarchiesof dependencies among the available automatically defined functions. For example,within an overall program with five automatically defined functions at generation 0,A D F 4 might actually refer only to A D F 2 and A D F 3 , with A D F 2 and A D F 3 not referring atall to either A D F 0 or A D F 1 . Meanwhile, A D F 1 might refer only to A D F 0 . In thissituation, there would be two disjoint hierarchies of dependencies. A subsequentcrossover might change this organization. For example, after such a crossover, A D F 3 might refer to A D F 0 , but still not to A D F 1 , thereby establishing a different hierarchyof dependencies. Any allowable (i.e., noncircular) hierarchy of dependencies maythus be created in generation 0 or created by crossover during the evolutionaryp r o c e s s . 4 . 5 . Structure-Preserving Crossover in an Architecturally DiversePopulationIn the crossover operation in genetic programming, a crossover point is randomlyand independently chosen in each of two parents and genetic material from oneparent is then inserted into a part of the other parent to create an offspring.A population may be architecturally diverse either because it was initially createdwith architectural diversity (as described above) or because the six newarchitecture-altering genetic operations (described below) create a diversity of newarchitectures during the run.If the population is architecturally diverse, the parents selected to participate inthe crossover operation will often possess different numbers of automatically definedfunctions. Moreover, an automatically defined function with a certain name (e.g.,A D F 2 ) belonging to one parent will often possess a different number of argumentsthan the same-named automatically defined function belonging to the other parent(if indeed A D F 2 is present at all). After a crossover is performed, each call to anautomatically defined function actually appearing in the crossover fragment fromthe contributing parent will no longer refer to the automatically defined function ofthe contributing parent, but instead will refer to the same-named automaticallydefined function of the receiving parent.Thus, we must redefine the crossover operation when it is employed in anarchitecturally diverse population.

2 0 In the simplest practical implementation of genetic programming (as exemplifiedthroughout most of Koza 1992), no syntactic constraints are involved in constructingindividual programs in the population (except for a syntactic constraint as to theoverall size of the program). Program size is typically measured in terms of depth(or, alternately, in terms of the total number of points in the program). All points inall programs are of a single common type. Subject only to the size limit establishedfor generation 0, any function from the function set of the problem and anyterminal from the terminal set may appear at any point in a program during theinitial random creation of programs in generation 0. Similarly, subject only to thesize limit established for offspring, the crossover operation produces valid offspringregardless of what points are chosen as crossover points from the two parents.When automatically defined functions are involved, each program in thepopulation conforms to a more complex constrained syntactic structure (such asshown above in figure 1). The initial random population is created in accordancewith this constrained syntactic structure. Crossover must be performed in astructure-preserving way so as to preserve the syntactic validity of all offspring. Instructure-preserving crossover, the architecture-defining (invariant) points of anoverall program are never eligible to be chosen as crossover points and are neveraltered by crossover. Instead, structure-preserving crossover is restricted to thework-performing (noninvariant) points. In structure-preserving crossover, thework-performing points in the overall program are partitioned into a certainnumber of types.The basic idea of structure-preserving crossover is that any work-performingpoint anywhere in the overall program is randomly chosen, without restriction, asthe crossover point of the first parent. That point has a type assigned to it. Then,once the crossover point of the first parent has been chosen, the crossover point ofthe second parent is randomly chosen from among points of the same type.The typing of the work-performing points of an overall program constrains theset of subtrees that can potentially replace the chosen crossover point and thesubtree below it. This typing is done so that the structure-preserving crossoveroperation will always produce valid offspring.There are several ways of assigning types to the work-performing points of anoverall program.(1) Branch typing assigns the same type to all the work-performing points ofeach separate branch of an overall program (but a different type to eachdifferent branch). There are as many types of work-performing points asthere are branches in the overall program.(2) Like-Branch Typing assigns the same type to all the work-performing pointsof each separate branch of an overall program and assigns a different type toeach different branch, except that if the function sets and terminal sets oftwo branches are identical, all the points of both such branches are assignedthe same type.( 3 ) Point typing assigns a type to each individual work-performing point in theoverall program reflective of both the branch where the point is located andthe contents of the subtree starting at the point. The characteristics of thebranch where the point is located is relevant in determining whether asubtree from another program may be inserted at the point. The contents ofthe subtree starting at the point are relevant in determining if the subtreemay be inserted at a particular point of another program.If a program is subject to any additional problem-specific constrained syntacticstructure, that additional structure, if any, must also be considered in typing.When all the programs in the population have a common architecture, any of thethree methods of typing may be used. In practice, branch typing is most commonly

21used. The crossover operation starts with two parents and produces two offspringwhen either branch typing or like-branch typing is being used.Point typing is used for architecturally diverse populations. If, for sake ofargument, branch typing or like-branch typing were to be used on anarchitecturally diverse population, the crossover operation would be virtuallyhamstrung; hardly any crossovers could occur. The types produced by branchtyping or like-branch typing are insufficiently descriptive and overly constrainingin an architecturally diverse population.When point typing is used, the crossover operation acquires a directionality thatdid not exist with branch typing or like-branch typing. A distinction must be madebetween the contributing (first) parent and the receiving (second) parent.Consequently, the crossover operation starts with two parents, but produces only oneo f f s p r i n g . The crossover point (called the point of insertion) of the receiving (second)parent must be chosen from the set of points for which the crossover fragment fromthe contributing (first) parent "has meaning" if the crossover fragment were to beinserted at the point.When genetic material is inserted into the receiving parent during structure-preserving crossover with point typing, the offspring inherits its architecture fromthe receiving parent (the maternal line) and is guaranteed to be syntactically andsemantically valid.Point typing is governed by three general principles.First, every terminal and function actually appearing in the crossover fragmentfrom the contributing parent must be in the terminal set or function set of thebranch of the receiving parent containing the point of insertion. This first generalprinciple applies to actual variables of the problem, dummy variables, randomconstants, primitive functions, and automatically defined functions.Second, the number of arguments of every function actually appearing in thecrossover fragment from the contributing parent must equal the number ofarguments specified for the same-named function in the argument map of thebranch of the receiving parent containing the insertion point. This second generalprinciple governing point typing applies to all functions. However, the emphasis ison the automatically defined functions because the same function name is used torepresent entirely different functions with differing number of arguments fordifferent individuals in the population.Third, all additional problem-specific syntactic rules of construction, if any, mustbe satisfied.Structure-preserving crossover with point typing is described in detail in Koza1994a.Structure-preserving crossover with point typing permits robust recombinationwhile simultaneously guaranteeing that any pair of architecturally differentparents will produce syntactically and semantically valid offspring. In addition,structure-preserving crossover with point typing enables the architectureappropriate for solving the problem to be evolutionarily selected during a run whilethe problem is being solved. In addition, when the six new architecture-alteringoperations (described below) are being used, structure-preserving crossover withpoint typing enables the architecture appropriate for solving the problem to bee v o l v e d during a run while the problem is being solved in the sense of actuallychanging the architecture of programs dynamically during the run.

2 2 5 . The Six New Architecture-Altering GeneticOperationsThe six new architecture-altering genetic operations are as follows:(1) Branch duplication creates one new offspring program for the new populationby duplicating a function-defining branch of an existing program (and makingadditional appropriate changes in the program to reflect the duplication).(2) Argument duplication creates one new offspring program for the new populationby duplicating one argument of one function-defining branch of one existingprogram (and making additional appropriate changes in the program to reflectthe duplication).(3) Branch deletion creates one new offspring program for the new population bydeleting one function-defining branch of one existing program (and makingadditional appropriate changes in the program to reflect the deletion).(4) Argument deletion creates one new offspring program for the new population bydeleting one argument of one function-defining branch of one existing program(and making additional appropriate changes in the program to reflect thedeletion).(5) Branch creation creates one new offspring program for the new population byadding one new function-defining branch containing a portion of an existingbranch and creating a reference to that new branch.(6) Argument creation creates one new offspring program for the population byadding one new argument to the argument list of an existing function-definingbranch and appropriately modifying references to that branch.The six new architecture-altering operations differ from the operations ofreproduction crossover, and mutation in that the argument maps of the participatingindividuals change as a consequence of performing the operations.During each generation of the evolutionary process, a certain percentage of theindividuals in the population participate in the architecture-altering operations.Meanwhile, Darwinian selection causes differential selection in favor of more fitindividuals. And, during each generation, individuals in the population are modifiedby the operations of crossover and mutation. The result is that the evolutionaryprocess will select against individuals in the population with architectures that areless suitable for solving the problem. Individuals with unsuitable architectures willtend to become extinct over a period of generations. Similarly, individuals witharchitectures that facilitate solving the problem will tend to prosper.The six new operations are described in detail below.5 . 1 . Branch DuplicationThe operation of branch duplication duplicates one of the branches of a program inthe following way:(1) Select a program from the population to participate in this operation.(2) Pick one of the function-defining branches of the selected program as thebranch-to-be-duplicated. If the selected program has only one function-definingbranch, that branch is automatically picked. If the selected program has nofunction-defining branches (or already has the maximum number of branchesestablished for the problem at hand), this operation is aborted and no action isperformed on this occasion.(3) Add a uniquely-named new function-defining branch to the selected program,thus increasing, by one, the number of function-defining branches in the selected

23program. The new function-defining branch has the same argument list and thesame body as the branch-to-be-duplicated.(4) For each occurrence of an invocation of the branch-to-be-duplicatedanywhere in the selected program (e.g., the result-producing branch or any otherbranch that invokes the branch-to-be-duplicated), randomly choose either to leavethat invocation unchanged or to replace that invocation with an invocation of thenew branch. If the choice is to make the replacement, the arguments in theinvocation of the new branch remain identical to the arguments of the existingi n v o c a t i o n . The step of selecting a program is performed on the basis of fitness for branchduplication (and the other operations subsequently described herein), so that aprogram that is more fit has a greater probability of being selected to participate inthe operation than a less fit program. A copy is first made of the selected programand the operation is then performed on the copy, so the unchanged original programremains in the population and is therefore available to be selected again on the basisof its fitness.The problem of symbolic regression of the Boolean even-parity function will beused for purposes of illustration throughout this report. The Boolean even-k - p a r i t y function takes k Boolean arguments, D 0 , D 1 , D 2 , and so forth (up to a total of karguments). Each argument can take on the value T (true or 1) or N I L (false or 0).The even-k -parity function returns T if an even number of its Boolean argumentsare T , but otherwise returns N I L . Parity functions are used to check the accuracy ofstored or transmitted binary data in computers because a change in the value of anyone of its arguments always changes (toggles) the value of the function. Because ofthis toggling, parity functions are often used as benchmarks in the study of machinelearning and neural networks. The problem is to discover a program that mimics thebehavior of the Boolean even-k -parity problem for every one of the 2k combinationsof its k Boolean inputs.Suppose that the program in figure 1 has been selected, in step (1), as the programto participate in the operation of branch duplication. Since this program happens tohave only one function-defining branch, the sole function-defining branch(defining A D F 0 ) is picked, in step (2), as the branch-to-be-duplicated.In step (3), a new function-defining branch is added to the selected program, thusincreasing, by one, the number of function-defining branches in the selectedprogram. The new branch is given the new name of A D F 1 . This new name is uniquewithin this program.Figure 2 shows the program resulting after applying the operation of branchduplication to the program in figure 1. The original program in figure 1 has anargument map of {2}. The program in figure 2 has an argument map of {2, 2} becausethe operation of branch duplication duplicated the two-argument function-definingb r a n c h .

progn defun

ADF0

LIST

ARG1

ARG0 values

ORARG1 AND 541520

D1D2D0D3D4D0ADF1NANDADF0NOR

ADF1

550549

500510511540570581582583588587589590591519543544542

Figure 2: Program with argument map of {2, 2} created using theoperation of branch duplication.Specifically, the function-defining branch starting at the D E F U N labeled 410 offigure 1 defining A D F 0 (also shown as 510 of figure 2) is duplicated. The duplicatedbranch is added at D E F U N 540 of figure 2, thereby giving the new overall programthree branches: a first function-defining branch starting at D E F U N 510, a new secondfunction-defining branch starting at D E F U N 540, and a result-producing branchstarting at V A L U E S 570. The new function-defining branch is given the unique newname, A D F 1 , at 541. The argument list of the new function-defining branch is thesame as the argument list of the branch-to-be-duplicated and consists of A R G 0 543 andA R G 1 544. The body of the new function-defining branch starting with V A L U E S 549 isthe same as the body of the first function-defining branch starting at V A L U E S 419 offigure 1 (also shown as 519 in figure 2).There are two occurrences of invocations of the branch-to-be-duplicated, A D F 0 , inthe result-producing branch of the selected program, namely A D F 0 481 and A D F 0 487of figure 1. For each of these two occurrences, a random choice is made to eitherleave the occurrence of A D F 0 unchanged or to replace it with the newly created A D F 1 .For the first invocation of A D F 0 at 481 of figure 1, the choice is made to replace A D F 0 with A D F 1 . Thus, A D F 1 appears at 581 in figure 2. The arguments for the invocation ofA D F 1 581 are D 1 582 and D 2 583 in figure 2 (i.e., they are identical to the arguments D 1 482 and D 2 483 for the invocation of A D F 0 at 481 in figure 1). For the secondinvocation of A D F 0 at 487 of figure 1, the choice is randomly made to leave A D F 0 unchanged. Thus, A D F 0 appears at 587 of figure 2.Because the duplicated new function-defining branch is identical to thepreviously existing function-defining branch (except for its name) and because thenew function-defining branch A D F 1 is invoked with the same arguments as A D F 0 hadbeen invoked, the value returned by the overall program is unchanged by theoperation of branch duplication. The programs are semantically equivalent but, ofcourse, structurally (syntactically) different.The operation of branch duplication can be interpreted as a "case splitting." Afterthe branch duplication, the result-producing branch invokes A D F 0 at 587 and A D F 1 at581. A D F 0 and A D F 1 can be viewed as separate newly-created procedures for handling

25the two separate subproblems (cases). Immediately after the branch duplicationoperation, the two subproblems (cases) are handled in precisely the same way.Subsequent genetic operations may alter one or both of these two presently-identical function-defining branches. These subsequent changes can lead to adivergence in structure and behavior. This divergence may be interpreted as aspecialization or refinement. That is, once A D F 0 and A D F 1 diverge, A D F 0 can be viewedas a specialization for handling for subproblem (case) associated with its invocationby the result-producing branch. Similarly, A D F 1 can be viewed as a specialization forhandling its subproblem (case).The operation of branch duplication (and the other operations subsequentlydescribed herein) always produce a syntactically valid program.The operation of branch duplication (and the operations of argument duplication,branch creation, and argument creation described below) are recombinative in thesense that the offspring produced by each operation consists entirely of geneticmaterial that comes from an existing member of the population.5 . 2 . Argument DuplicationThe operation of argument duplication duplicates one of the arguments in one of theautomatically defined functions of a program in the following way:(1) Select a program from the population to participate in this operation.(2) Pick one of the function-defining branches of the selected program. If theselected program has only one function-defining branch, that branch isautomatically chosen. If the selected program has no function-defining branches,this operation is aborted and no action is performed on this occasion.(3) Choose one of the arguments of the picked function-defining branch of theselected program as the argument-to-be-duplicated. If the picked function-definingbranch has no arguments (or already has the maximum number established for theproblem at hand), this operation is aborted and no action is performed on thisoccasion.(4) Add a uniquely-named new argument to the argument list of the pickedfunction-defining branch of the selected program, thus increasing, by one, thenumber of arguments in its argument list.(5) For each occurrence of the argument-to-be-duplicated anywhere in the bodyof the picked function-defining branch of the selected program, randomly chooseeither to leave that occurrence unchanged or to replace that occurrence with thenew argument.(6) For each occurrence of an invocation of the picked function-defining branchanywhere in the selected program (e.g., the result-producing branch or otherbranch that invokes the picked function-defining branch), identify the argumentsubtree in that invocation corresponding to the argument-to-be-duplicated andduplicate that argument subtree in that invocation, thereby increasing, by one, thenumber of arguments in the invocation.Because the function-defining branch containing the duplicated argument isinvoked with an identical copy of the previously existing argument, the valuereturned by the overall program is unchanged by the operation of argumentd u p l i c a t i o n . Figures 3 and 1 together illustrate the operation of argument duplication. Theoriginal program in figure 1 has an argument map of {2}. The new program infigure 3 has an argument map of {3} because the operation of argument duplicationadded an argument to the one function-defining branch.

progn defun

ADF0 values

ORARG2 AND LIST

610611612619

ARG0613

ARG1614620621622623

ARG1624

ARG2

615ARG0

D1D2D0D3ADF0NANDADF0

D4D0NOR

670681682683687690688691

D2684D4D0NOR

689695696697

600Figure 3: Program with argument map of {3) created using theoperation of argument duplication.A D F 0 in figure 1 takes two dummy arguments, namely ARG0 (labeled 413) and A R G 1 (labeled 414). Now suppose that the second argument, A R G 1 414 in figure 1 is chosenas the argument-to-be-duplicated.In figure 3, the argument list of A D F 0 has been changed by adding a uniquely-named new argument, A R G 2 at 615, thereby increasing the size of this argument listfrom two to three. There are two occurrences of the argument-to-be-duplicated inthe body of the picked function-defining branch of the selected program, namely at421 and 423 in figure 1. For each of these two occurrences, a random choice is madeto either leave the occurrence of A R G 1 unchanged or to replace it with the newlycreated argument, A R G 2 . Figure 3 shows that the choice was in favor of a replacementfor the first occurrence of A R G 1 at 421. Consequently, the new name, A R G 2 , appears at621 of figure 3. The choice was against replacement for the second occurrence ofARG1 at 423 of figure 1, so ARG1 appears at 623 of figure 3.There are two occurrences of an invocation of A D F 0 in the result-producingbranch at 481 and 487 of figure 1. The second argument, A R G 1 , is the argument-to-be-duplicated in this example. In the first invocation of A D F 0 at 481, the variable D 2 (labeled 483) corresponds to the argument-to-be-duplicated because it is the secondargument of A D F 0 (labeled 481). In the second invocation of A D F 0 at 487, the entireargument subtree consisting of (N O R D 4 D 0 ) at 489, 490, and 491 corresponds to thea r g u m e n t - t o - b e - d u p l i c a t e d . Because of the argument duplication, A D F 0 681 and A D F 0 687 in figure 3 now eachtake three arguments, instead of only two. For the first invocation of A D F 0 at 681, D 2 683 has been duplicated so that D 2 now appears at both 683 and 684 of figure 3. Forthe second invocation of A D F 0 at 687, the entire argument subtree (N O R D 4 D 0 ) hasbeen duplicated so that it appears at both 689, 690, and 691 as well as 695, 696, and 697of figure 3.Just as the operation of branch duplication was interpreted as a "case splitting,"the operation of argument duplication can be interpreted as a "case splitting."Immediately after the argument duplication operation, the two subproblems (cases)are handled in precisely the same way. The particular instantiations of the secondand third arguments in each invocation of A D F 0 provide the opportunity for thesubsequent evolution of different ways of handling the two separate subproblems(cases).

27Subsequent genetic operations may alter one or both of these two presently-identical arguments and these subsequent changes can lead to a divergence instructure and behavior. Once the second and third arguments diverge, thisdivergence may be interpreted as a specialization or refinement.5 . 3 . Branch DeletionThe operation of branch deletion deletes one of the automatically defined functionsof a program in the following way:(1) Select a program from the population to participate in this operation.(2) Pick one of the function-defining branches of the selected program as thebranch-to-be-deleted. If the selected program has no function-defining branches,this operation is aborted and no action is performed on this occasion.(3) Delete the branch-to-be-deleted from the selected program, thus decreasing, byone, the number of branches in the selected program.(4) For each occurrence of an invocation of the branch-to-be-deleted anywhere inthe selected program (e.g., the result-producing branch or other branch thatinvokes the branch-to-be-deleted), replace the invocation of the branch-to-be-deleted with an invocation of a surviving branch (described below).When a function-defining branch is deleted, the question arises as to how tomodify invocations of the branch-to-be-deleted by the other branches of the overallprogram. We consider three alternatives.One alternative (called branch deletion by consolidation) involves identifying asuitable second function-defining branch of the overall program as the survivingbranch and replacing (consolidating) the branch-to-be-deleted with the survivingbranch in each invocation of the branch-to-be-deleted. Branch deletion byconsolidation almost never preserves the semantics of the overall program. Branchdeletion by consolidation can be interpreted as a way to achieve generalization in aproblem-solving procedure.A second alternative (called branch deletion with random regeneration) is torandomly generate new subtrees composed of the available functions and terminalsin lieu of an invocation of the branch-to-be-deleted. Branch deletion with randomregeneration almost never preserves the semantics of the overall program.A third alternative (called branch deletion by macro expansion) involvesinserting the entire body of the branch-to-be-deleted for each instance of aninvocation of that branch. Branch deletion by macro expansion preserves thesemantics of the overall program at the expense of a massive increase in the size ofthe overall program.5 . 3 . 1 . Branch Deletion by ConsolidationThe first alternative (branch deletion by consolidation) begins by finding a suitablechoice for the surviving branch within the overall program. Since branch deletionby consolidation involves two branches (i.e., the branch-to-be-deleted and thesurviving branch), it is necessary that the selected program have at least twofunction-defining branches. Thus, when branch deletion by consolidation is beingused and the selected program has less than two function-defining branches, thisoperation is aborted and no action is performed on this occasion.When branch deletion by consolidation is performed, the number of argumentspossessed by the proposed surviving branch may equal to, less than, or greater thanthe number of arguments possessed by the branch-to-be-deleted.

2 8 Figure 2 illustrates the first of these three possibilities for branch deletion byconsolidation (where the number of arguments possessed by the proposed survivingbranch is equal to the number of arguments possessed by the branch-to-be-deleted).Suppose that the first function-defining branch (defining A D F 0 ) of the program infigure 2 is picked as the branch-to-be-deleted and that the second function-definingbranch (defining A D F 1 ) is to be the surviving branch. In that event, the firstfunction-defining branch is deleted; the invocation of A D F 0 at 587 in figure 2 is to bereplaced by an invocation of A D F 1 ; and the two argument subtrees below theinvocation of A D F 0 at 587 are retained as the argument subtrees for the invocation at587 of A D F 1 . That is, the branch-to-be-deleted is merged into A D F 1 . The originalprogram in figure 2 has an argument map of {2, 2} and the resulting program has anargument map of {2}.For this first possibility, the branch deletion may be viewed as a generalization ofa procedure. Before the branch deletion, the two function-defining branchesconstitute different procedures for handling different subproblems (cases). The twobranches do different things and they are invoked in different situations by theresult-producing branch. After the branch deletion by consolidation, bothsubproblems (cases) are handled in the same way. That is, the procedure isgeneralized so that the surviving branch (A D F 1 here) handles both subproblems(cases).In the second possibility, the number of arguments required by the proposedsurviving branch is less then the number of arguments possessed by the branch-to-be-deleted. Any superfluous argument subtrees below the invocation of the branch-to-be-deleted are simply deleted. The branch deletion may also be viewed as ageneralization of a procedure with an accompanying generalization of itsa r g u m e n t s . In the third possibility, the number of arguments required by the a proposedsurviving branch is greater than the number of arguments possessed by thebranch-to-be-deleted. The required additional argument subtrees may be randomlygenerated (or duplicated). In the later case, the random creation is done using thesame method of generation originally used to create the invoking branch (i.e., thebranch containing the invocation of the branch-to-be-deleted) at the time ofcreation of the initial random population in generation 0 (with the branch-to-be-deleted being unavailable during this random regeneration). This approach may notbe desirable because it introduces a significant mutational aspect to the operation. Inthat event, the operation may simply be aborted for this third possibility.5 . 3 . 2 . Branch Deletion with Random RegenerationWhen the second alternative (branch deletion with random regeneration) is beingused, all of the argument subtrees required by the invocation of the branch-to-be-deleted are randomly generated.Except when random regeneration is used, the operation of branch deletion (andthe operation of argument deletion described below) are recombinative in the sensethat the offspring produced by each operation consists entirely of genetic materialthat comes from an existing member of the population. When random regenerationis used, branch deletion (and argument deletion) are partially recombinative andpartially mutational.5 . 3 . 3 . Branch Deletion by Macro ExpansionThe third alternative (branch deletion by macro expansion) has the characteristic ofpreserving the semantics of the overall program; however, it has the disadvantage of

29usually creating very large programs. Moreover, branch deletion by macroexpansion would not work if recursion were being used, Each of the argumentsubtrees in each invocation of the branch-to-be-deleted is substituted into a copy ofthe body of the branch-to-be-deleted and the now-expanded body then replaces theinvocation of the branch-to-be-deleted. Of course, if the objective of a deletion ischange the semantics of the overall program (i.e., to achieve generalization), thisalternative is undesirable.5 . 4 . Argument DeletionThe operation of argument deletion deletes one of the arguments to one of theautomatically defined functions of a program in the following way:(1) Select a program from the population to participate in this operation.(2) Pick one of the function-defining branches of the selected program. If theselected program has only one function-defining branch, that branch isautomatically picked. If the selected program has no function-defining branches,this operation is aborted and no action is performed on this occasion.(3) Choose one of the arguments of the picked function-defining branch of theselected program as the argument-to-be-deleted. If the picked function-definingbranch has no arguments (or already has only the minimum number of argumentsestablished for the problem at hand), this operation is aborted and no action isperformed on this occasion.(4) Delete the argument-to-be-deleted from the argument list of the pickedfunction-defining branch of the selected program, thus decreasing, by one, thenumber of arguments in the argument list.(5) For each occurrence of an invocation of the picked function-defining branchanywhere in the selected program (e.g., the result-producing branch or otherbranch that invokes the picked function-defining branch), delete the argumentsubtree in that invocation corresponding to the argument-to-be-deleted, therebydecreasing, by one, the number of arguments in the invocation.(6) For each occurrence of the argument-to-be-deleted anywhere in the body ofthe picked function-defining branch of the selected program, replace the argument-to-be-deleted with a surviving argument (described below).When an argument is deleted, the question arises as to how to modify references tothe argument-to-be-deleted within the picked branch. Again, we consider threea l t e r n a t i v e s . One alternative (called argument deletion by consolidation) involves identifyinganother argument of the picked branch as the surviving argument and replacing(consolidating) the argument-to-be-deleted with the surviving argument in thepicked branch. When this alternative is employed, the operation of argumentdeletion may be viewed as a generalization in the sense that some information thatwas formerly considered in executing a procedure is now no longer considered.A second alternative (called argument deletion with random regeneration) is togenerate a new subtree in lieu of an invocation of the argument-to-be-deleted usingthe same method of generation originally used to create the picked branch at thetime of creation of the initial random population (with the argument-to-be-deletedbeing unavailable during this random regeneration).A third alternative (called argument deletion by macro expansion) may also beused. This alternative has the advantage of preserving the semantics of the overallprogram; however, it has the disadvantage of usually creating large programs.

3 0 5 . 4 . 1 . Argument Deletion by ConsolidationSuppose, in employing the first alternative (argument deletion by consolidation),that A R G 2 labeled 615 in figure 3 is chosen as the argument-to-be-deleted and thatA R G 1 is chosen (from among the remaining two arguments) as the survivingargument. The one occurrence of A R G 2 at 621 in figure 3 is replaced by A R G 1 . The twoinvocations of A D F 0 by the result-producing branch (at 681 and 687) are modified bydeleting the third argument subtree in each invocation. Specifically, the argumentsubtree D 0 684 is deleted from the invocation of A D F 0 at 681 and the argument subtree(NOR D4 D0) at 695, 696, and 697 is deleted from the invocation of ADF0 at 687. The resultis the program shown in figure 1. The original program in figure 3 has an argumentmap of {3} and the resulting program in figure 1 has an argument map of {2}.Since argument deletion by consolidation involves two arguments (i.e., theargument-to-be-deleted and the surviving argument), it is necessary that the pickedbranch have at least two arguments. Thus, when argument deletion by consolidationis being used and the picked function-defining branch has less than two arguments,this operation is aborted and no action is performed on this occasion.It is often advisable to set a minimum permissible number of arguments for anyfunction. For example, in a problem involving Boolean functions and no side-effects,there are only four possible Boolean functions of one argument, so it may be moreefficient to exclude such one-argument functions for a Boolean problem. If thisapproach is adopted, whenever the picked function-defining branch has less thanthree arguments, the operation of argument deletion is aborted and no action isperformed on this occasion.5 . 4 . 2 . Argument Deletion with Random RegenerationWhen the second alternative (argument deletion with random regeneration) is beingused, a new subtree is randomly generated in lieu of an invocation of the argument-to-be-deleted using the same method of generation originally used to create thepicked branch at the time of creation of the initial random population (with theargument-to-be-deleted being unavailable during this random regeneration). Thesubtree may consist of either a single available argument or an entire generatedargument subtree composed of the available functions and terminals.5 . 4 . 3 . Argument Deletion by Macro ExpansionWhen argument deletion by macro expansion (i.e., the third alternative) is used, thefirst step is to delete the argument-to-be-deleted from the argument list of the pickedbranch. The second step is then to create as many copies of the now-modified pickedbranch as there are invocations of the picked branch in the overall program (e.g., inthe result-producing branch or other branches) and to give each such copy of thepicked branch a unique name. The third step is to replace each invocation of thepicked branch in the overall program with an invocation to a particular one of theuniquely-named copies of the now-modified picked branch. The fourth step is, foreach uniquely-named copy of the now-modified picked branch, to insert theargument subtree corresponding to the argument-to-be-deleted for everyoccurrence of the argument-to-be-deleted in that particular copy.The alternative of argument deletion by macro expansion has the characteristic ofpreserving the semantics of the overall program; however, it has the disadvantage ofusually creating a vast number of additional branches and large overall programs.Of course, if the objective of a deletion is change the semantics of the overallprogram (i.e., to achieve generalization), this alternative is undesirable.

31Both the argument duplication and the branch duplication operations createlarger programs. Larger programs consume more resources and a population ofsuch growing programs may become unmanageable as a practical matter. Theargument deletion operation and the branch deletion operation can create smallerprograms and provide a mechanism for balancing the continual growth that wouldotherwise occur (provided the alternative of argument deletion by macro expansionis not used).5 . 5 . Branch CreationThe operation of branch creation creates a new automatically defined functionwithin an overall program in a more general (but less biologically motivated) waythan the previously described operation of branch duplication.The steps in the operation of branch creation are as follows:(1) Select a program from the population to participate in this operation.(2) Pick a point in the body of one of the function-defining branches or result-producing branches of the selected program. This picked point will become the top-most point of the body of the branch-to-be-created.(3) Starting at the picked point, begin traversing the subtree below the pickedpoint (e.g., in a depth-first manner).(4) As each point below the picked point in the picked branch is encounteredduring the traversal, make a determination as to whether to designate that point asbeing the top-most point of an argument subtree for the branch-to-be-created. Ifsuch a designation is made, no traversal is made of the subtree below that designatedpoint. The traversal continues and this step (4) is repeatedly applied to each pointencountered during the traversal so that when the traversal of the subtree below thepicked point is completed, zero points, one point, or more than one point are sodesignated during the traversal.(5) Add a uniquely-named new function-defining branch to the selected program.The argument list of the new branch consists of as many consecutively-numbereddummy variables (formal parameters) as the number of points that were designatedduring the traversal. The body of the new branch consists of a modified copy of thesubtree starting at the picked point. The modifications to the copy are made in thefollowing way: For each point in the copy corresponding to a point designatedduring the traversal of the original subtree, replace the designated point in the copy(and the subtree in the copy below that designated point in the copy) by a uniquedummy variable. The result is a body for the new function-defining branch thatcontains as many uniquely named dummy variables as there are dummy variables inthe argument list of the new function-defining branch.(6) Replace the picked point in the picked branch by the name of the newfunction-defining branch. If no points below the picked point were designatedduring the traversal, the operation of branch creation is now completed.(7) If one or more points below the picked point were designated during thetraversal, the subtree below the just-inserted name of the new function-definingbranch will be given as many argument subtrees as there are dummy arguments inthe new function-defining branch in the following way: For each point in thesubtree below the picked point designated during the traversal, attach the designatedpoint and the subtree below it as an argument to the function defined by the newfunction-defining branch.The operation of branch creation is more general than the operation of branchduplication in the sense that the picked point may be in the result-producing branchand also in the sense that the picked point need not be the top-most point of the bodyof an existing branch.

3 2 The operation of branch creation described herein is similar to, but differentfrom, the compression (module acquisition) operation described by Angeline andPollack in at least three ways (Angeline and Pollack 1993, 1994; Angeline 1994a,1994b).First, Angeline and Pollack place each new function (called a module) created bythe compression operation into a Genetic Library. The new function is notexclusively associated with the selected program that gave rise to it. Instead, newfunctions placed in the Genetic Library may be invoked by any program in thepopulation. In practice, this occurs as soon as crossover or some other operationintroduces references to the new function. In contrast, in the branch creationoperation described herein, each new function is made a part of the selected programas a new branch of that particular program. The new function may be invoked onlyby the selected program in which it was originally created and of which it is a part.A second difference between the compression operation described by Angelineand Pollack and operation of branch creation described herein is that the body of thenew branch created by the branch creation operation continues to be subject to theeffects of other operations (notably crossover) in successive generations of theprocess. Thus, instead of being insulated from future change by residing in theGenetic Library, it is susceptible to continued change. Among the possible changesthat may occur by means of crossover are the insertion of additional hierarchicalreferences to other automatically-defined functions.A third difference between the compression operation described by Angeline andPollack and operation of branch creation described herein is that the branchcreation operation may be applied to any branch (and, in particular, to function-defining branches). Angeline and Pollack�s operation was limited to one a singleb r a n c h . Several different methods may be used to determine how to designate a point belowthe picked point during the depth-first traversal described above. In d e p t h c o m p r e s s i o n described by Angeline and Pollack, the points at a certain distance(depth) below the picked point are designated. In leaf compression described byAngeline and Pollack, all of the external points (leaves) below the picked point aredesignated. Other methods of designation may be used. Here internal points belowthe picked point are designated independently at random with a certain probability.Regardless of the method of designation, zero points, one point, or several points aredesignated.Figures 4 and 1 illustrate the operation of branch creation.

LISTDEFUN2510ADF02511VALUESARG1ARG0OR

ARG0

ARG0ARG1NAND2555

ARG02556

ARG22559ARG12558PROGN2501VALUES2570AND2580

ADF0 D1 ADF12585LIST2542DEFUN2540ADF12541VALUES2549

ARG12544D32588D02586AND2589

Figure 4: Program with argument map of {2, 3}.Suppose the point N A N D 485 is picked from the result-producing branch of theprogram starting at P R O G N 400 in figure 1. Starting at the picked point, N A N D 485, adepth-first traversal of the subtree below this point will visit 486, 487, 488, 489, 490and 491 of figure 1 in that order. Suppose, while making this depth-first traversal,points 486, 488, and 489 of figure 1 are designated. The fact that three points weredesignated means that the branch-to-be-created will be a three-argument function-defining branch. The three argument subtrees starting at these three designatedpoints will become arguments for the branch-to-be-created. Because point 489 wasdesignated, no traversal of D4 490 and D0 491 is made.The branch creation operation causes a new branch to be added to the overallselected program. The new branch starts at D E F U N (labeled 2540) in figure 4. The newbranch is given a new name, A D F 1 (labeled 2541), that is unique within the newoverall program. The argument list of this new branch in figure 4 contains threeconsecutively-numbered dummy variables (formal parameters), namely A R G 0 (labeled 2543), A R G 1 (labeled 2544), and A R G 2 (labeled 2545) appearing below L I S T (labeled 2542).The body of this new branch starts at V A L U E S (labeled 2549). The body of the newbranch in figure 4 consists of a modified copy of the seven-point subtree starting atthe picked point, N A N D 485 of figure 1. In modifying the copy, each of the threedesignated points from figure 1 (486, 488, and 489) is replaced by a differentconsecutively-numbered dummy variable, A R G 0 , A R G 1 , and A R G 2 in figure 4.Specifically, the first designated point, D 0 486, from figure 1 is replaced by A R G 0 andappears as A R G 0 2556 in figure 4. The second designated point, D 3 488, from figure 1 isreplaced by A R G 1 and appears as A R G 1 2558 in figure 4. The third designated point,

3 4 AND 489 and the entire subtree below this designated point (i.e., D 4 490 and D 0 491)from figure 1 are replaced by A R G 2 and appears as A R G 2 2559 in figure 4.The picked point, N A N D 485, from figure 1 is now replaced by the name, A D F 1 , of thenew function-defining branch. Thus, A D F 1 appears at 2585 in figure 4. Since threepoints below N A N D 485 from figure 1 were designated during the traversal, A D F 1 2585will be given three argument subtrees. The first designated point, D 0 486, fromfigure 1 appears below A D F 1 2585 as D 0 2586 in figure 4 as the first argument to A D F 1 2585. Because D 0 is a terminal, D 0 2586 appears alone in figure 4. The seconddesignated point, D 3 488, from figure 1 appears below A D F 1 2585 as D 3 2588 in figure 4as the second argument to A D F 1 2585. The third designated point, A N D 489, from figure1 appears below A D F 1 2585 as A N D 2589 in figure 4 as the third argument to A D F 1 2585.Unlike the previous two designated points, A N D 489 has a subtree below it in figure 1.The entire subtree is (A N D D 4 D 0 ) at 489, 490, and 491 in figure 1. Thus, the entiresubtree (AND D4 D0) appears as (AND D4 D0) at 2589, 2590, and 2591 of figure 4.The argument map of the original overall program in figure 1 is {2} and theargument map of the new overall program in figure 4 is {2, 3} because the newbranch takes three arguments.Figures 5 and 1 illustrate an interesting special case of the operation of branchc r e a t i o n .

LISTDEFUN2610ADF02611VALUESARG1ARG0

ORANDARG0ARG0ARG1

LIST2642DEFUN2640ADF12641VALUES2649

AND2659D32658PROGN2601

ADF0D2D1ADF12685

Figure 5: Program with argument map of {2, 0}.Suppose the point N A N D 485 is again picked from the result-producing branch ofthe program starting at P R O G N 400 in figure 1. However, now suppose that, whilemaking the depth-first traversal, no points were designated. As before, the branchcreation operation causes a new branch to be added to the overall selected program.The new branch starts at D E F U N 2640 of figure 5. The new branch is given the uniquenew name, A D F 1 (at 2641) in figure 5. However, since no points were designatedduring the traversal, the argument list of this new branch contains no dummyvariables and no dummy arguments appear below L I S T 2642 in figure 5. The body ofthis new branch starts at V A L U E S 2649 in figure 5. However, since no points weredesignated during the traversal, the body of the new branch consists of an exact copyof the seven-point subtree starting at the picked point, N A N D 485, of figure 1. Inparticular, several of the actual variables of the problem (D 0 2656, D 3 2658, D 4 2650,and D 0 2651) are imported into the body of the function definition for A D F 1 in figure5. As before, the picked point, N A N D 485, of figure 1 is replaced in figure 5 by thename, A D F 1 2685, of the new function-defining branch. Since no points below N A N D 485 were designated during the traversal of figure 1, A D F 1 2685 in figure 5 has no

3 6 argument subtrees. Thus, in this special case, the entire subtree containing thepicked point, N A N D 485, and the subtree below it is encapsulated in the zero-argumentautomatically defined function A D F 1 in figure 5. In this example, the argument mapof the original overall program in figure 1 is {2} and the argument map of the newoverall program in figure 5 is {2, 0}.The operation of branch creation does not have any immediate effect on thevalue(s) returned and the action(s) performed by the selected program. However,subsequent operations may alter the branch that is created by this operation andmay therefore lead to some later divergence in structure and behavior.5 . 6 . Argument CreationThe operation of argument creation creates a new argument within a function-defining branch of an overall program in a more general way than the previouslydescribed operation of argument duplication. This operation is, in some sense, ageneralization of the operation of argument duplication.The steps in the operation of argument creation are as follows:(1) Select a program from the population to participate in this operation.(2) Pick a point in the body of one of the function-defining branches of theselected program.(3) Add a uniquely-named new argument to the argument list of the pickedfunction-defining branch for the purpose of defining the argument-to-be-created.(4) Replace the picked point (and the entire subtree below it) in the pickedfunction-defining branch by the name of the new argument.(5) For each occurrence of an invocation of the picked function-defining branchanywhere in the selected program (e.g., the result-producing branch or otherbranch that invokes the picked function-defining branch), add an additionalargument subtree to that invocation. In each instance, the added argument subtreeconsists of a modified copy of the picked point (and the entire subtree below it) in thepicked function-defining branch. The modification is made in the following way:For each dummy argument in a particular added argument subtree, replace thedummy argument with the entire argument subtree of that invocationcorresponding to that dummy argument.Figures 6 and 1 illustrate the operation of argument creation.

LIST3012DEFUN3010ADF03011VALUES3019ARG13014ARG03013OR3020

ARG23022ARG03021PROGN3001

AND3080

ADF03081D23083D13082NAND3085ADF03087D03086

AND3089D33088

D13086D23085AND3092D33096AND3093D43094D03095

Figure 6: Program with argument map of {3} created using theoperation of argument creation.Suppose the point A N D 422 from figure 1 is the picked point, from step (2), in thebody of the function-defining branch starting at D E F U N 410. This picked point, A N D 422, is the top-most point of the three-point subtree (AND ARG1 ARG0) at 422, 423, and424. In figure 6, A R G 2 is the name given to the newly created argument and A R G 2 (labeled 3015) is added to the argument list starting at L I S T (labeled 3012) of thepicked function-defining branch. In figure 6, A R G 2 3022 has replaced the pickedpoint, A N D 422, and the entire subtree below the picked point from figure 1.There are two occurrences of invocations of the picked function-defining branch(A D F 0 ), namely at 481 and 487 in figure 1. The first invocation of A D F 0 in the selectedprogram is the two-argument invocation (A D F 0 D 1 D 2 ) at 481, 482, and 483 in figure 1.A new third argument is added for the invocation A D F 0 481. The new argumentsubtree is manufactured by starting with a copy of the picked point and the entiresubtree below that picked point, namely (A N D A R G 1 A R G 0 ) at 422, 423, and 424 in figure1. This copy is first modified by replacing the dummy argument A R G 1 423 by theargument subtree of the invocation of A D F 0 at 481 corresponding to the dummyargument A R G 1 423 (i.e., the single point D 2 483). Note that it is D 2 483 thatcorresponds because D 2 483 is the second argument subtree of A D F 0 481 and because

3 8 A R G 1 is the second dummy argument of D E F U N 410. The copy is further modified byreplacing the dummy argument A R G 0 424 by the argument subtree of the invocationof A D F 0 at 481 corresponding to that dummy argument (i.e., the single point D 1 482).The result is that A D F 0 is now invoked at 3081 in figure 6 with three (instead of two)arguments, namely(ADF0 D1 D2 (AND D2 D1)).The second invocation of A D F 0 in the selected program is the two-argumentinvocation (ADF0 D3 (AND D4 D0)) at 487, 488, 489, 490 and 491 in figure 1. A newthird argument is added for the invocation A D F 0 487. The new argument subtree ismanufactured by starting with a copy of the picked point and the entire subtreebelow that picked point from figure 1, namely (AND ARG1 ARG0) at 422, 423, and 424.This copy is first modified by replacing the dummy argument A R G 1 423 by theargument subtree of the invocation of A D F 0 at 487 corresponding to the dummyargument A R G 1 423, namely the entire argument subtree (AND D4 D0) at 489, 490, and491. Note that a three-point subtree, (AND D4 D0), corresponds because it is thesecond argument subtree of A D F 0 487 in figure 1 and because A R G 1 is the seconddummy argument of D E F U N 410. The copy is further modified by replacing the dummyargument A R G 0 424 by the argument subtree of the invocation of A D F 0 at 487corresponding to that dummy argument (i.e., the single point D 3 488). The result isthat A D F 0 is now invoked at 3087 in figure 6 with three (instead of two) arguments,n a m e l y (ADF0 D3 (AND D4 D0) (AND (AND D4 D0) D3)).The operation of argument creation changes the argument map of the selectedprogram from {2} to {3} because A D F 0 now takes three arguments, instead of two.The operation of argument creation does not have any immediate effect on thevalue(s) returned and the action(s) performed by the selected program. However,subsequent operations may alter the argument that is created by this operation andmay therefore lead to some later divergence in structure and behavior.

396 . Rotating the Tires on an AutomobileA g e d a n k e n experiment can be used to illustrate the role of the six new architecture-altering operations in automated problem-solving. In the experiment, we willvisualize four ways of using genetic programming to evolve a procedure to performthe hypothetical task of rotating the tires on an automobile.The to-be-evolved problem-solving procedure is assumed to have access to all thenecessary information from the problem environment (such as the size of the boltsfor fastening a tire to an axle, the number of bolts on a tire, the presence or absenceof a hubcap, and so forth). In addition, the repertoire of primitive functions includesall the operations necessary to complete the task (such as removing a hubcap,unfastening a bolt, sliding the tire off of the axle, and so forth).The goal is to evolve a procedure will specify a sequence of operations that willsuccessfully remove each of the four tires and remount them in their specified newlocations for any given model of car.In addition, the to-be-evolved problem-solving procedure will have access tocertain extraneous information (such as the color of the car) and certain extraneousoperations (such as lifting the hood of the car). The task is designed to present considerable opportunities for reuse of sequencesof procedural steps because all four tires can be removed and remounted inessentially the same way for any particular model of car. The task also presentsopportunities for specialization and generalization because the only difference inthe procedure for different models of cars lies in what a human planner wouldconsider details (e.g., whether there is a hubcap to remove and remount). Inaddition, the task is designed to present opportunities for parameterization ofprocedures (e.g., based on the size and number of the bolts on each tire).The g e d a n k e n experiment will visualize the use of genetic programming on thistask in the following three ways:(1) without automatically defined functions,(2) with automatically defined functions,(3) with automatically defined functions and with the technique of evolutionaryselection of the architecture, and(4) with automatically defined functions and the six new architecture-alteringo p e r a t i o n s . 6 . 1 . Approach Without Automatically Defined FunctionsFive preparatory steps must be performed by the user prior to applying geneticprogramming without automatically defined functions to a particular problem.The user must first decide upon the ingredients from which the to-be-evolvedprograms will be composed. The terminal set for this hypothetical problem consistsof the information-carrying variables (e.g., the number and size of the bolts, thepresence or absence of hubcaps, the color of the car, etc.). The function set consistsof the various primitive operations (e.g., unfastening a bolt, sliding the tire off of theaxle, etc.).The fitness measure of a particular program is computed over a suite of fitnesscases consisting of various models of cars of different colors, with and withouthubcaps, and with the tires being fastened by different numbers and sizes of bolts.Fitness might be the total number of tires that end up on their respective desired newaxles after the complete execution of the program or after some reasonable amount oft i m e .

4 0 When automatically defined functions are not being used, the evolved programs,of course, consist only of a result-producing branch.In principle, genetic programming should be able to evolve a solution to thisproblem without employing automatically defined functions, provided the populationsize is sufficiently large and provided that the run is allowed to continue forsufficiently large number of generations.Although genetic programming usually solves problem in a unexpected ways, wewill, for purposes of this g e d a n k e n experiment, make some statements about thelikely characteristics of the evolved solution.Since automatically defined functions are not being used, each identical ormarginally different situation must necessarily be handled by a uniquely-craftedand separately-learned sequence of steps. There is no possiblity of multipleinvocation of any part of the evolved code of a program during the execution of theprogram. Thus, there cannot be one common procedure that is reused four times oneach of the tires. Instead, the overall evolved solution will contain four uniquely-crafted (and almost certainly different) sequence of steps for handling each of thefour tires. Similarly, there will not be one common procedure that is reused for eachof the bolts belonging to each tire. Instead, the solution will contain a uniquely-crafted sequence of steps for unfastening each bolt on each tire.Moreover, since automatically defined functions are not being used, there wouldbe no possibility for parameterizing the sequence of steps for unfastening the bolts.Thus, models of cars whose tires are fastened by one size of bolts cannot be handledwith a common sequence of reusable code in the same way as models with anothersize of bolts. Instead, there will be one sequence of code that causes the 1/2" wrenchto be used when the bolt size is determined to be 1/2" and an additional separatesequence of code that causes the 5/8" wrench to be used on 5/8" bolts. Moreover,there will be one sequence of code for handling models of cars whose tires have sixbolts, and a separate sequence of code for handling tires that have five or four bolts.Because the run without automatically defined functions is incapable of exploitingthe considerable underlying symmetry and regularity of this problem environmentand incapable of reusing parameterized sequences of code, the overall programnecessary to perform this task will be very large. In addition, a large amount ofcomputational effort will have to be expended to evolve this large block of code.6 . 2 . Approach With Automatically Defined FunctionsWhen automatically defined functions are being used, a solution to a problememploying automatically defined functions can be interpreted such that eachautomatically defined function represents a subproblem; the body (work) of eachautomatically defined function represents the solution to a subproblem; and, theresult-producing branch represents the assembly of the solution to the subproblemsinto a solution of the overall problem.Each automatically defined function also can be interpreted as a change ofrepresentation. If, for example, one compares a solution to the overall problem by aresult-producing branch that does not invoke any automatically defined functions toone that does, the difference can be viewed as a change of representation. Theversion of the solution with automatically defined functions solves the problem interms of the new representation created by the application of the automaticallydefined functions.If automatically defined functions are added to genetic programming, we canexpect to get a solution to the overall problem that would r e u s e and p a r a m e t e r i z e certain sequences of steps, rather than handling each identical or marginallydifferent situation with a uniquely-crafted and separately-learned sequence of steps.

41For example, we can reasonably anticipate a solution in which a tire-dismountingfunction evolves within the overall multi-part program so that the result-producingbranch of the overall program is able to invoke this function with the bolt size as aparameter. When the bolt-unfastening function is parameterized by the bolt size,separate code will not be necessary for handling each different size of bolt.The ability to generalize is an important aspect of artificial intelligence andautomated programming. A parameterized automatically defined function can beinterpreted as a generalization in the sense that a parameterized function-definingbranch is a generalized procedure for performing some subtask. A particularinstantiation of the parameter has the effect of specializing the general procedure toa particular situation.We can reasonably expect that the size of the overall program will be considerablysmaller than the size of the program evolved without automatically defined functionsand that less computational effort will have been expended in the evolution of thesolution of this problem with automatically defined functions than without them.That is, parsimony should be an emergent consequence of the availability ofautomatically defined functions.When automatically defined functions are being used, the evolved program would,of course, consist of a result-producing branch and one or more function-definingbranches. The question arises as to how many automatically defined functions willthere be? And, how many arguments will each automatically defined functionpossess?Before the user can apply genetic programming with automatically definedfunctions to a problem, the user must employ some technique (probably one of thefive existing previously described techniques) for determining the architecture ofthe overall solution.Once chosen, the architecture of the overall program constrains thedecomposition of the original problem into subproblems. Each particulararchitecture permits or prohibits certain ways of decomposing the overall probleminto subproblems. A particular architecture may facilitate certain decompositionswhile making others less likely.The number of available automatically defined functions affects, in general, thecharacter of the solution. If, for example, two or more automatically definedfunctions are available, we might find separate automatically defined functionsdevoted to the tire-dismounting and bolt-unfastening subtasks. However, if only oneautomatically defined function is available, both the tire-dismounting or the bolt-unfastening subtasks would have to be performed inside one automatically definedfunction or one of these subtasks would have to be performed in the result-producing branch (where there would be no opportunity for parameterized reuse ofcode).The number of arguments possessed by each automatically defined functions alsogenerally affects the character of the solution. If, for example, at least one of theavailable automatically defined functions possesses two or more arguments, then wemight see one automatically defined function that is parameterized by severalvariables. However, if each automatically defined function possesses only oneargument, then it would not be possible to take an action inside any of theautomatically defined functions based on two or more variables.6 . 3 . Approach With Evolutionary Selection of the ArchitectureAs previously mentioned, e v o l u t i o n a r y selection of the architecture during the runof genetic programming is one of the five existing techniques by which the user candetermine the architecture of the overall program (Koza 1994a, chapters 21—25). In

4 2 this technique, the population is architecturally diverse starting with the initialrandom population of generation 0. Then there is a competition among thepreexisting architectures in population, However, no architecture is actually createdor altered during the run in the technique of evolutionary selection of thea r c h i t e c t u r e . 6 . 4 . Approach With Architecture-Altering OperationsThe new architecture-altering operations described herein provide a sixth way todetermine the architecture. The architecture-altering operations enable thearchitecture to be evolved dynamically and automatically during the run of geneticprogramming in the sense of actually creating new architectures and alteringexisting architectures during the run.As previously mentioned, the six new architecture-altering operations can beviewed from five perspectives.First, the new architecture-altering operations provide a new way to solve theproblem of determining the architecture of the overall program in the context ofgenetic programming with automatically defined functions.Second, the new architecture-altering operations provide an automaticimplementation of the ability to specialize and generalize in the context of automatedp r o b l e m - s o l v i n g . Third, the new architecture-altering operations automatically and dynamicallychange the representation of the problem while simultaneously and automaticallysolving the problem.Fourth, the new architecture-altering operations automatically and dynamicallydecompose problems into subproblems and then automatically solve the overallproblem by assembling the solutions of the subproblems into a solution of the overallp r o b l e m . Fifth, the new architecture-altering operations automatically and dynamicallydiscover useful subspaces (usually of lower dimensionality than that of the overallproblem) and then automatically assemble a solution of the overall problem fromsolutions applicable to the individual subspaces.When automatically defined functions are being used (but without the techniqueof evolutionary selection of the architecture and without the architecture-alteringoperations), the third, fourth, and fifth perspectives apply. When automaticallydefined functions are being used with the technique of evolutionary selection of thearchitecture (but without the architecture-altering operations), the first perspectiveapplies. Thus, we focus our attention on the second perspective involvingspecialization and generalization.As previously mentioned, the initial random population may be uniform and ADF-less; it may be uniform and consist of programs with the minimal ADF structure (i.e.,the "minimalist approach"); or, it may be architecturally diverse. We use the"minimalist approach" for purposes of the discussion here.6 . 4 . 1 . Generalization by Means of Branch Deletion and Argument DeletionDuring a run of genetic programming with the new architecture-alteringoperations, arguments and branches of programs may be deleted. These deletionsmay be interpreted as generalizations in the sense that a generalization ignores somepreviously available information or deletes some previously performed step incarrying out a task. The deletion of an argument or branch may be interpreted as ageneralization of the procedure represented by the branch.

43Of course, some generalizations are useful and some are not.The process of generalizing a procedure is often useful because it permits thedevelopment of a procedure that is applicable to a wider variety of situations.Generalization may also be desirable because it shortens the description of theprocedure (i.e., improves parsimony).First consider the deletion of an argument.The deletion of the color of the car from the argument list of a branch would be ahelpful simplification of the procedure performed by the branch since there is nopossible benefit from this extraneous variable in solving the problem of rotating thetires. If the color of the car is actually used by the branch, deleting this argumentwill make the branch applicable to a wider variety of situations (with no degradationin performance as measured by the fitness measure of the problem). If the color isignored, deleting this argument will make the branch more parsimonious.On the other hand, deletion may make vital information unavailable. Assumingthat argument deletion by consolidation or random regeneration are being used,deleting an argument communicating vital information would (almost always) be anunhelpful generalization. The size of the tire’s bolts is a necessary argument becausethe task cannot be performed with a wrench of unsuitable size. The tire-dismountingfunction can not properly be performed without knowing how many bolts to remove.Now consider deletion of a branch.The operation of branch deletion may be viewed as a generalization at theprocedural level. After branch deletion by consolidation or random regeneration isperformed, the overall program will (usually) be less specialized than before. Forexample, the deletion of a branch that lifts the car’s hood would be a helpfulsimplification of the procedure performed by the overall program since lifting thehood is not helpful in solving the problem of rotating the tires. On the other hand, itwould be unhelpful to delete a branch that checks whether a hubcap is presentbecause the wrench is useless for removing bolts if the bolts are made inaccessibleby an unremoved hubcap. In either event, the operation of branch deletion usuallyproduces a procedure with improved parsimony.There is no way of knowing in advance whether a particular generalization willbe helpful. However, natural selection will ultimately judge whether the offspringproduced by a particular deletion prove to be more fit or less fit in grappling withthe problem environment.6 . 4 . 2 . Specialization by Means of Branch Duplication and ArgumentDuplicationIn many instances of automated problem-solving, it is desirable to have the ability tosplit the problem environment into different cases and treat the cases slightlydifferently. The operations of branch duplication and argument duplication set thestage for enabling a procedure to be specialized and refined at a later time. Such aspecialization or refinement permits such slightly differing treatments of twosimilar, but different situations. This specialization can occur at the argument levelor procedure level.For example, even though the procedure for changing the tire may be similar forall cars, the procedure must be specialized to each particular type of car by includinga certain argument, such as the size of the bolts. Argument duplication provides away to set the stage so that subsequent evolution can incorporate this additionali n f o r m a t i o n . Branch duplication can provide a way to set the stage so that subsequent evolutioncan create a slightly different procedure for the two models of cars. The procedurefor changing the tire on a Cadillac may differ from the procedure for a Honda

4 4 because the Cadillac may have a hubcap that must be removed to expose the bolts sothat the wrench can then unfasten the bolts.During the run, branches or arguments will be duplicated.For example, consider a program with a branch that hastily tries to unfasten thebolts without checking for the presence of a hubcap. Such a branch workssatisfactorily for a car without hubcaps. A program with this branch will accrue acertain amount of fitness for correctly handling the subset of fitness cases involvingcars with no hubcaps. However, this program will not receive the maximum possiblevalue of fitness because it will not correctly handle the fitness cases involving carswith hubcaps. After a branch duplication, there are two branches and both start byhastily trying to unfasten the bolts without checking for the presence of a hubcap.Each of these identical branches is invoked under different (randomly chosen)circumstances by their calling branches. Although branch duplication has noimmediate semantic effect, subsequent genetic operations may alter one or the othernew branch. Some of these alterations will make the overall program more fit atgrappling with the problem environment by specializing one branch to someparticular situation. For example, one of these branches may be modified by asubsequent genetic operation (e.g., a crossover or mutation) so that it checks for thepresence of a hubcap, removes the hubcap, and then continues as before. Thisspecialization is a potential benefit of a branch duplication.Arguments may also be duplicated during the run. Although argumentduplication has no immediate effect, the presence of an additional argument may,after subsequent operations, make the altered program more fit at grappling withcertain fitness cases from the problem environment by enabling it to specialize itsbehavior in response to the additional information provided by the additionalargument. Of course, a specialization may be productive, counter-productive, uselessor harmless in the context of a particular problem. For example, an argumentduplication may make the color of the car available to a branch. This uselessinformation will, at best, be harmless. This argument duplication may be harmful ifit overspecializes the branch or reduces the efficiency of operation of the branch.6 . 4 . 3 . Specialization by Means of Branch Creation and Argument CreationWhen the initial random population is uniformly ADF-less, the operation of branchcreation is necessary to create function-defining branches so that part of the initialresult-producing branch can become parameterized and generalized. The existenceof some parameterized branches are necessary if there are to be multiple invocationsof portions of the overall program (and the associated benefit in terms of the overallcomputational effort necessary to solve the problem). In any event, regardless ofhow the initial random population is created, the operation of branch creationprovides the potential benefit of achieving specialization in the future.Similarly, the operation of argument creation provides the potential benefit ofachieving specialization in the future.When operating together, the new architecture-altering genetic operations areuseful in enabling the simultaneous evolution of the architecture of the overallprogram for solving a problem while solving the problem. That is, the architectureof the eventual solution to the problem need not be preordained by the user duringthe preparatory steps. Instead, the architecture can emerge from a competitivefitness-driven process that occurs during the run at the same time as the problem isbeing solved.

457 . Examples of Actual RunsThe architecture-altering operations described herein will now be illustrated byshowing two actual runs of the problem of symbolic regression. The problemrequires evolution of a computer program to mimic the behavior of the even-3-parity function.The frequency of use of the operations of branch duplication, argumentduplication, branch deletion, argument deletion, branch creation, and argumentcreation are controlled by parameters. We often use frequencies in theneighborhood of 1/2% of each operation on each generation; however, for purposesof illustration, we used larger percentages for the two runs described below in orderto concentrate more instances of the new architecture-altering operations into arelatively small number of generations. This concentration also enables us to showan entire genealogical audit trail for the first run and the entire maternal lineagefor the second run.7 . 1 . Example 1The run starts with the random creation of a population of 1,000 individualprograms. The �single minimal ADF� approach is used in this example. That is, eachprogram in the initial random population at generation 0 consists of one result-producing branch and a single one-argument function-defining branch and has anargument map of {1}.Thus, the terminal set for the result-producing branch, Tr p b , for a program in thepopulation for the Boolean even-3-parity problem isTrpb = {D0, D1, D2}.The function set for the result-producing branch, Frpb, isFrpb = {AND, OR, NAND, NOR, ADF0},with an argument map of{2, 2, 2, 2, 1}.The terminal set for the automatically defined function, A D F 0 , isTadf0 = {ARG0}.The function set, Fadf0, for ADF0 isFadf0 = {AND, OR, NAND, NOR},with an argument map for this function set of{2, 2, 2, 2}.After creating the 1,000 programs for the initial random population, each programin the population is evaluated as to how well it solves the problem at hand. The fitness

4 6 of a program in the population of 1,000 programs is measured according to how wellthat program mimics the target function for all eight combinations of three Booleanarguments. The raw fitness of a program is the number of matches.In one particular run, the best program from among the 1,000 randomly createdprograms in generation 0 has the function-defining branch (defining A D F 0 ) shownbelow:(OR (AND (NAND ARG0 ARG0) (OR ARG0 ARG0)) (NOR (NOR ARG0 ARG0) (AND ARG0ARG0))).The behavior of this function-defining branch is the Boolean constant functionzero (called �Always False�).The result-producing branch of this best-of-generation program from generation0 ignores ADF0 and is shown below:(NOR (AND D0(NOR D2 D1)) (AND (AND D2 D1))). Of course, it should be no surprise that the function-defining branch of even thebest program of the initial random generation is not particularly useful or that thisbranch is ignored by the result-producing branch. The �single minimal ADFapproach� is not intended to provide a highly useful function-defining branch, butrather merely to provide a starting point for the evolutionary process.Table 5 shows the behavior of this program from generation 0. The first threecolumns show the values of the three Boolean variables, D 0 , D 1 , and D 2 . The fourthcolumn shows the value produced by the overall program. The fifth column showsthe value of the target function, the even-3-parity function. The last column showshow well the program performed at matching the behavior of the target function.As is shown, the program was correct for six of the eight possible combinations(fitness cases). Thus, the program scored a raw fitness of 6 (out of a possible 8).Table 5 Operation of the best-of-generation program from generation 0.D0D1D2BEST-OF-GENERATIONPROGRAMFORGENERATION0EVEN-3-PARITYFUNCTIONSCORE

00011correct

00110wrong

01010wrong

01111correct

10000correct

10111correct

11011correct

11100correct

A new population of 1,000 programs is then created from the existing population of1,000 programs. Each successive generation of the population is created from theexisting population by applying various genetic operations. Reproduction andcrossover are the most frequently performed genetic operations. In addition, thearchitecture-altering operations described herein are used on this run. Mutationand other previously described genetic operations may also be used in the process(although they are not used on this particular run).The raw fitness of the best-of-generation program for generation 5 improves to 7.That is, this program correctly mimics the behavior of the target even-3-parity

47function for seven of the eight fitness cases. The program achieving this new andhigher level of fitness has a total of four branches (i.e., one result-producing branchand three function-defining branches). The change in the number of branchesfrom 1 at generation 0 to 4 at generation 5 is the consequence of the architecture-altering operations. In addition to its one result-producing branch, this best-of-generation program for generation 5 has branches defining A D F 0 (taking twoarguments), A D F 1 (taking two arguments), and A D F 2 (taking three arguments), so thatits argument map is {2, 2, 3}. The result producing branch of this program is shownbelow.(NOR (ADF2 D0 D2 D1) (AND (ADF1 D2 D1)D0))The first function-defining branch (defining A D F 0 ) of the best-of-generationprogram for generation 5 takes two dummy arguments, A R G 0 and A R G 1 , and is shownbelow. The existence of two dummy arguments in this function-defining branch is aconsequence of an argument duplication operation. As it happens, the behavior ofthis A D F 0 is not important since A D F 0 is not referenced by the result-producingb r a n c h . (OR (AND (NAND ARG0 ARG0) (OR ARG1 ARG0)) (NOR (NOR ARG1 ARG0) (AND ARG0ARG1)))The second function-defining branch (defining A D F 1 ) of the best-of-generationprogram for generation 5 also takes two dummy arguments, A R G 0 and A R G 1 , and isshown below. The existence of this second function-defining branch is aconsequence of a branch duplication operation.(OR (AND ARG0 ARG1)(NOR ARG0 ARG1))Table 6 shows the behavior of A D F 1 of the best-of-generation program forgeneration 5 which, as can be seen, is equivalent to the even-2-parity function.Table 6 A D F 1 of the best-of-generation program of generation 5.ARG0ARG1ADF0

001010100111The function-defining branch for A D F 2 of this best-of-generation program forgeneration 5 takes three dummy arguments, A R G 0 , A R G 1 , and A R G 2 , and is shown below.This third function-defining branch exists as a consequence of yet another branchduplication operation.(AND ARG1 (NOR ARG0 ARG2))Table 7 shows that the behavior of A D F 2 consists of returning 1 only when A R G 0 andARG2 are 0 and ARG1 is 1.

4 8 Table 7 A D F 2 of the best-of-generation program of generation 5.ARG0ARG1ARG2ADF2

0000

0010

0101

0110

1000

1010

1100

1110

The raw fitness of the best individual program in the population remains at avalue of 7 for generations 6, 7, 8, and 9; however, the average fitness of thepopulation as a whole improves during these generations.On generation 10, the best program in the population of 1,000 perfectly mimics thebehavior of the even-3-parity function. This 100%-correct solution to the problemhas a total of six branches (i.e., five function-defining branches and one result-producing branch). The argument map of this program is {2, 2, 3, 2, 2}. Thismultiplicity of branches is a consequence of the repeated application of the branchduplication operation and the branch creation operation. The function-definingbranches of this program each have more than one dummy argument. All of theseadditional arguments exist as a consequence of the repeated application of theargument duplication operation.The result-producing branch of this best-of-generation program for generation10 is shown below:(NOR (ADF4 D0(ADF1 D2 D1)) (AND (ADF1 D2 D1) D0))The function-defining branch for A D F 0 of this best-of-generation program forgeneration 10 takes two dummy arguments, A R G 0 and A R G 1 , and is shown below. Thebehavior of A D F 0 is equivalent to the odd-2-parity function.(OR (AND (NAND ARG0 ARG0) (OR ARG1 ARG0)) (NOR (NOR ARG1 ARG0) (AND ARG0ARG1)))The function-defining branch for A D F 1 of the best-of-generation program forgeneration 10 takes two dummy arguments, A R G 0 and A R G 1 , and is shown below. A D F 1 is equivalent to the even-2-parity function.(OR (AND ARG0 ARG1) (NOR ARG0 ARG1))The function-defining branch for A D F 2 takes three dummy arguments, A R G 0 , A R G 1 ,and ARG2, and is shown below. ADF2 returns 1 only when ARG0 and ARG2 are 0 and A R G 1 is 1. However, A D F 2 is ignored by the result-producing branch.(AND ARG1 (NOR ARG0 ARG2))The function-defining branch for A D F 3 is the one-argument identity function.This relatively useless branch is ignored by the result-producing branch.The function-defining branch for A D F 4 of the best-of-generation program forgeneration 10 takes two dummy arguments, A R G 0 and A R G 1 , and is shown below. A D F 4 is equivalent to the even-2-parity function.

49(OR (AND ARG0 ARG1) (NOR ARG0 ARG1))Since both A D F 1 and A D F 4 are both even-2-parity functions, the result-producingbranch can be simplified to the expression below. This expression can be verified asbeing equivalent to the even-3-parity function.(NOR (EVEN-2-PARITY D0(EVEN-2-PARITY D2 D1)) (AND (EVEN-2-PARITY D2 D1) D0))An examination of the genealogical audit trail shows the interplay between theDarwinian reproduction operation, the one-offspring crossover operation usingpoint typing, and the new architecture-altering operations.Figure 7 shows all of the ancestors of the just-described 100%-correct solutionfrom generation 10 of the run in example 1 of the problem of symbolic regression ofthe even-3-parity problem. The generation numbers (from 0 to 10) are shown on theleft edge of figure 7. Figure 7 also shows the sequence of reproduction operations,crossover operations, and architecture-altering operations that gave rise to everyprogram that was an ancestor to the 100%-correct program in generation 10. The100%-correct solution from generation 10 is represented by the box labeled M10 atthe bottom of the figure. The argument map of this solution, namely {2, 2, 3, 2, 2}, isshown in this box.The two lines flowing into the box M10 indicate that the solution in generation 10was produced by a crossover operation acting on two programs from the previousgeneration (generation 9). Figure 7 uses the convention of placing the mother M9(the receiving parent) on the right and father P9 (the contributing parent) on theleft. Recall that, in a one-offspring crossover operation using point typing, the bulkof the structure of a multi-part program comes from the mother since the fathercontributes only one subtree into only one of the many branches of the mother.Thus, the 11 boxes on the right side of this figure (consecutively numbered from M0to M10) represent the maternal genetic lineage (from generations 0 throughgeneration 10) of the 100%-correct solution M10 that emerged in generation 10. The100%-correct solution M10 in generation 10 has the same argument map, {2, 2, 3, 2, 2},as the mother M9 because the crossover operation is not an architecture-alteringoperation and does not change the architecture (or argument map) of the offspring(relative to the mother).The maternal lineage will now be reviewed in detail so as to illustrate the overallprocess of evolving the architecture of a solution to a problem while simultaneouslyevolving the solution to the problem.The mother M9 from generation 9 (shown on the right side of figure 7) has anargument map of {2, 2, 3, 2, 2}, has a raw fitness of 7, was itself the result of acrossover of two parents from generation 8. The grandfather of the 100%-correctsolution M10 in generation 10 (and the father of M9) was P8. The grandmother of the100%-correct solution M10 in generation 10 (and the mother of M9) was M8.The grandmother M8 from generation 8 of the 100%-correct solution M10 ingeneration 10 (and the mother of M9) has an argument map of {2, 2, 3, 2, 2}, has a rawfitness of 7, and was the result of a branch duplication from a single ancestor M7from generation 7.Because of the branch duplication operation, the program M7 from generation 7 ofthe maternal lineage at the far right of figure 7 has one fewer branch than itsoffspring M8. Program M7 has an argument map of {2, 2, 3, 2}. Program M7 was theresult of an argument duplication from a single ancestor from generation 6.

5 0 .{2 2 3 2 2}{2 2 3 2 2}{4 2 1 1 2}{2 2 3 2 2}{2 2 3 1 3}{2 2 3 1}{4 2 1 1}{2 2 3 2}{2 2 3 1}{2 2 3 1}{2 2 3 1}{2 2 3 1}{2 2 3}{2 2 1}{2 2 3}{4 2 1}{3 2 1}{2 2 3}{2 2 3}{3 2}{1}BRCBrDupADupReproBRCBrDupADupReproBrDupADupADupADupBRCADupReproBRCBRCBRCBRCBRCBRCBRCADupBRCADupBrDupBrDupCrossCrossCrossCrossCrossCrossCrossCrossCrossBRC012345678910

Maternal

PaternalM0M1M2M3P2M4M5M6M7M8P8P9M9M10P12P4{1}{1}{1}{1}{1}{1}{2}{2}{2}{2}{2}{2}{2}{1 1}{2 2}{2 2}{2 2}{3 2}{3 2}{1 1}{2 2}{2 2}{2 2}{2 2}

ADup

GenFigure 7: Genealogical audit trail for example 1.Because of the argument duplication operation, the fourth function-definingbranch of the program M6 from generation 6 of the maternal lineage at the far rightof figure 7 has one less argument than its offspring M7. Program M6 fromgeneration 6 has an argument map of {2, 2, 3, 1} whereas program M7 fromgeneration 7 has an argument map of {2, 2, 3, 2}. Program M6 was the result of anbranch creation from a single ancestor M5 from generation 5.Because of the branch creation operation, the program M5 from generation 5shown on the right side of figure 7 has one fewer function-defining branch thenprogram M6. Program M5 has an argument map of {2, 2, 3}. In turn, program M5 wasthe result of a branch creation from a single ancestor M4 from generation 4.Program M4 from generation 4 shown on the right side of figure 7 has one lessfunction-defining branch than its offspring program M5. Program M4 has anargument map of {2, 2}. Program M4 was the result of a reproduction operation froma single ancestor M3 from generation 3.Program M4 from generation 3 shown on the right side of figure 7 has anargument map of {2, 2} and was the result of a crossover involving father P2 andmother M2 from generation 2.

51Program M2 from generation 2 (shown on the right side of figure 7) has anargument map of {2, 2} and was the result of a branch creation from a singleancestor M1 from generation 1.Program M1 from generation 1 has an argument map of {2} and was the result ofan argument duplication of a single ancestor M0 from generation 0.Program M0 from generation 0 at the upper right corner of figure 7 has anargument map of {1} and has a raw fitness of 6. It has an argument map of {1}because all programs at generation 0 consist of one result-producing branch and asingle one-argument function-defining branch when the �single minimal ADF�approach is being used.The sequence of genetic operations and architecture-altering operations of thisrun shows the simultaneous evolution of the architecture while solving the problem.7 . 2 . Example 2A second run of the process is now described in order to illustrate the evolution of ahierarchical reference by one function-defining branch of another and to illustratethe operation of branch deletion. In this run, a 100%-correct solution emerges ingeneration 15 to the problem of symbolic regression of the even-3-parity problem.The best-of-generation program from generation 0 of this run has a raw fitness ofonly 5. There are many programs in the population with this level of fitness. Thisprogram M0 is an early ancestor of the 100%-correct solution that eventuallyemerges in generation 15. The result-producing branch of this program fromgeneration 0 is shown below:(OR (NOR D2 (ADF0 (AND D1 D0))) (AND D2 (ADF0 (NAND D0 D0)))).A D F 0 of this program is shown below:(AND (NAND (OR ARG0 (OR ARG0 ARG0)) (AND (AND ARG0 ARG0) (OR ARG0 ARG0)))(AND (NAND (OR ARG0 ARG0) (NOR ARG0 ARG0)) (OR (AND ARG0 ARG0)(NOR ARG0 ARG0)))).A D F 0 of this best-of-generation program from generation 0 is the one-argumentnegation (N O T ) function. The one-argument N O T function was not one of the fourprimitive functions of the original problem (i.e., the two-argument A N D , O R , N A N D , andN O R functions).Figure 8 shows all of the maternal ancestors of the 100%-correct solution fromgeneration 15 (labeled M15 at the bottom of the figure) of the run of example 2. Thefigure also shows a few selected other ancestors. The figure also shows the argumentmap of each program in the box for that program. In addition, the raw fitness ofeach program is shown to the immediate left of its argument map in the box for thatprogram. Because 15 generations are involved, this figure, unlike figure 7, does notshow all of the ancestors of the 100%-correct solution, M15, of generation 15. Theprogram labeled M0 at the upper right of this figure is the program from generation0 shown above, with an argument map of {1} and a raw fitness of 5.

5 2 ..7 {1 2 1 1 2}7 {1 2 1 1 2}6 {1 2 2 1 1}6 {2 3 2 2 1}6 {2 2 2 1 1}8 {1 2 1 1 2}7 {1 2 1 1}7 {1 2 1 1}6 {1 2 1 1}6 {1 2 1 1}7 {1 2 1 1}6 {1 3 1}6 {1 2 1}6{1 2 1}6 {1 2 1}6 {1 1 1}6 {2 2}6 {2 2}6 {1 2}6 { 1 2}5{1 1}5 {1 1}6 { 1 1}5 {2}5{2}6 {1}5 {1}5 {1}5 {1}5 {1 1}

BrDelCrossReproBRCBRCBrDupBrDupBrDupArgDupArgDupCrossCrossCrossCrossCrossCrossCrossCrossReproBRC

1001234567891112131415M0M1M2M3M4M5M10P10M11M15M14P14P2M6M7M8M9P6P7P8P9.2P9.1P11M12M13P13P0P1P3

Generation

Paternal

MaternalFigure 8: Genealogical audit trail for example 2.A branch duplication operates on program M0 to produce program M1 ingeneration 1 with an argument map of {1, 1}.Two crossovers occurring in generations 2 and 3 raise the raw fitness of thematernal ancestor M3 in generation 3 from 5 to 6.Program M3 has two one-argument function-defining branches. Its A D F 0 is�Always False� and is shown below:(AND (NAND (OR ARG0 (OR ARG0 ARG0)) (AND (AND ARG0 ARG0) (OR ARG0 ARG0))) (AND(NAND (OR ARG0 ARG0) (NOR ARG0 ARG0)) (OR (AND ARG0 ARG0) (OR ARG0ARG0)))).

53A D F 1 of this program M3 is the exactly the same as A D F 0 of ancestor M0 atgeneration 0 (i.e., the N O T function). The branch duplication that created programM1 in generation 1 duplicated A D F 0 of ancestor M0 of generation 0. Then theintervening crossovers modified A D F 0 so as to convert it into the useless �AlwaysFalse� function.Then, a branch deletion removes the now-always-false A D F 0 of program M3 toproduce program M4 in generation 4. The surviving function-defining branch ofprogram M4 is exactly the same as A D F 0 of ancestor M0 at generation 0 (i.e., it is theN O T function). Program M4 retains a fitness level of 6.The result-producing branch of program M4 from generation 4 is shown below:(OR (NOR D2 (ADF0 (AND D1 D0))) (AND D2 (OR D1 D0))).Next, a branch creation operation takes creates a new branch, A D F 1 , of program M5of generation 5 from the underlined portion of the result-producing branch ofprogram M4 above. The new branch, A D F 1 , is shown below:(ADF0 (AND ARG1 ARG0)).The result-producing branch of program M4 of generation 4 is also modified andthe modified version is part of program M5 of generation 5 as shown below:(OR (NOR D2 (ADF1 D1 D0)) (AND D2 (OR D1 D0))).Two crossovers, one reproduction, one branch creation, and one branchduplication then occur on the maternal lineage.The A D F 0 of program M10 is the N O T function. A D F 1 of program M10 fromgeneration 10 uses the hierarchical reference created above to emulate the behaviorof the N A N D function, as shown below:(ADF0 (AND ARG1 ARG0)).Mother M10 mates with father P10 to produce offspring M11 in generation 11.A D F 0 of father P10 performs the even-2-parity function and is shown below:(AND (NAND (OR ARG1 ARG0) (AND (NAND ARG1 ARG0) (OR ARG1 ARG1))) (AND (NANDARG0 (NOR ARG1 ARG0)) (OR (AND ARG1 ARG1) (NOR ARG0 ARG0)))).In the crossover, this entire branch from father P10 was inserted into A D F 1 ofmother M10 replacing (A N D A R G 1 A R G 0 ) and producing a new A D F 1 that performs theodd-2-parity function (since A D F 0 performs the N O T function).Three crossovers and one branch creation then occur on the maternal lineage;however, the A D F 1 that was created in generation 11 and that performs the odd-2-parity functions remains intact.The 100%-correct solution that emerged in generation 15 had an argument map of{1, 2, 1, 1, 2}. Only A D F 0 and A D F 1 of this particular program are referenced by theresult-producing branch.A D F 0 performs the N O T function and is shown below:(AND (NAND (OR ARG0 ARG0) (AND (AND ARG0 ARG0) (OR ARG0 ARG0))) (AND (NAND (ORARG0 ARG0) (NOR ARG0 ARG0)) (OR (AND ARG0 ARG0) (NOR ARG0ARG0)))).

5 4 ADF1 defines the odd-2-parity function by hierarchically referring to A D F 0 . A D F 1 isshown below:(ADF0 (AND (NAND (OR ARG1 ARG0) (AND (NAND ARG1 ARG0) (OR ARG1 ARG1))) (AND(NAND ARG0 (NOR ARG1 ARG0)) (OR (AND ARG1 ARG1) (NOR ARG0ARG0))))).As can be seen, a hierarchy of function definitions has emerged to solve theproblem of symbolic regression of the even-3-parity problem using the newarchitecture-altering operations.

558 . ConclusionsWe have shown that it is possible to evolve the architecture using the architecture-altering operations while simultaneously solving a problem.9 . Future WorkMore computational effort is required to perform both tasks simultaneously than tomerely solve the problem when the architecture is given and fixed. Future work willattempt to quantify this amount of additional computation effort.1 0 . AcknowledgementsDavid Andre and Walter Alden Tackett wrote the computer program in ANSI C for anIBM PC type of computer to implement five of the six architecture-alteringoperations described above. Simon Handley made numerous helpful comments onthis paper.

5 6 1 1 . BibliographyAxelrod, Robert. The Evolution of Cooperation. New York: Basic Books 1984.Axelrod, Robert. The evolution of strategies in the iterated prisoner�s dilemma. InDavis, Lawrence (editor). Genetic Algorithms and Simulated Annealing London:Pittman l987.Angeline, P. J. 1994a. Evolutionary Algorithms and Emergent Intelligence. Ph.D.dissertation. Computer Science Department. The Ohio State University.Angeline, P. J. 1994b. Genetic programming and the emergence of intelligence. InKinnear, K. E. Jr. (editor). Advances in Genetic Programming. The MIT Press.Angeline, Peter J. and Pollack, Jordan B. 1993. Competitive environments evolvebetter solutions for complex tasks. In Forrest, Stephanie (editor). P r o c e e d i n g s of the Fifth International Conference on Genetic Algorithms. San Mateo, CA:Morgan Kaufmann Publishers Inc. Pages 264-270.Angeline, Peter J. and Pollack, Jordan B. 1994. Coevolving high-levelrepresentations. In Langton, Christopher G. (editor). Artificial Life III, SFIStudies in the Sciences of Complexity. Volume XVII Redwood City, CA: Addison-Wesley. Pages 55—71.Brooks Low, K. 1988. Genetic recombination: A brief overview. In Brooks Low, K.(editor) The Recombination of Genetic Material. San Diego: Academic Press.Pages 1—21.Cavicchio, Daniel J. 1970. Adaptive Search using Simulated Evolution. Ph.D.dissertation. Department of Computer and Communications Science, Universityof Michigan.Darwin, Charles. 1859. On the Origin of Species by Means of Natural Selection. J o h n M u r r a y . Davis, L. (editor). l987. Genetic Algorithms and Simulated Annealing. Pittman.Davis, L. 1991. Handbook of Genetic Algorithms. Van Nostrand Reinhold.Dyson, Paul and Sherratt, David. 1985. Molecular mechanisms of duplication,deletion, and transposition of DNA. In Cavalier-Smith, T. (editor). The Evolutionof Genome Size. Chichester: John Wiley & Sons.Forrest, S. (editor). 1993. Proceedings of the Fifth International Conference onGenetic Algorithms. Morgan Kaufmann.Galli, Joakim and Wislander, Lars. 1993. Two secretary protein genes in C h i r o n o m u s t e n t a n s have arisen by gene duplication and exhibit different developmentalexpression patterns. Journal of Molecular Biology. Volume 231. Pages 324—334.Go, Mittko. 1991. Module organization in proteins and exon shuffling. In Osawa, S.and Honjo, T. (editors). Evolution of Life. Tokyo: Springer-Verlag.Goldberg, David E. l989. Genetic Algorithms in Search, Optimization, and MachineLearning. Reading, MA: Addison-Wesley.Goldberg, David E., Korb, Bradley, and Deb, Kalyanmoy. 1989. Messy geneticalgorithms: Motivation, analysis, and first results. Complex Systems. 3(5): 493—530.Holland, John H. 1975. Adaptation in Natural and Artificial Systems: An IntroductoryAnalysis with Applications to Biology, Control, and Artificial Intelligence. AnnArbor, MI: University of Michigan Press. The second edition is currentlyavailable from The MIT Press 1992.Hood, Leory and Hunkapiller, Tim. 1991. Modular evolution and the immunoglobingene superfamily. In Osawa, S. and Honjo, T. (editors). Evolution of Life. Tokyo:S p r i n g e r - V e r l a g . Kinnear, Kenneth E. Jr. (editor). 1994. Advances in Genetic Programming.Cambridge, MA: The MIT Press.

57Koza, John R. 1992. Genetic Programming: On the Programming of Computers byMeans of Natural Selection. Cambridge, MA: The MIT Press.Koza, John R. 1994a. Genetic Programming II: Automatic Discovery of ReusablePrograms. Cambridge, MA: The MIT Press.Koza, John R. 1994b. Genetic Programming II Videotape: The Next Generation.Cambridge, MA: The MIT Press.Koza, John R., and Rice, James P. 1992 .Genetic Programming: The Movie. Cambridge,MA: The MIT Press.Lindgren, Kristian. 1991. Evolutionary phenomena in simple dynamics. In Langton,Christopher, Taylor, Charles, Farmer, J. Doyne, and Rasmussen, Steen (editors).Artificial Life II, SFI Studies in the Sciences of Complexity. Volume X. RedwoodCity, CA: Addison-Wesley. Pages 295-312.Maeda, Nobuyo and Smithies, Oliver. 1986. The evolution of multigene families:Human haptoglobin genes. Annual Review of Genetics. Volume 20. Pages 81-108.Michalewicz, Z. 1992. Genetic Algorithms + Data Structures = Evolution Programs.S p r i n g e r - V e r l a g . Nei, Masatoshi. 1987. Molecular Evolutionary Genetics. New York: ColumbiaUniversity Press.Ohno, Susumu. 1970. Evolution by Gene Duplication. New York: Springer-Verlag.Patthy, Laszlo. 1991. Modular exchange principles in proteins. Current Opinion inStructural Biology. Volume 1. Pages 351—361.Smith, T. F. and Waterman, M. S. 1981. Identification of common molecularsubsequences. Journal of Molecular Biology. Volume 147. Pages 195-197.Stryer, Lubert. 1988. Biochemistry. W. H. Freeman Third Edition.

5 8 Computer Science DepartmentOctober 21, 1994ARCHITECTURE-ALTERING OPERATIONS FOR EVOLVINGTHE ARCHITECTURE OF A MULTI-PART PROGRAM INGENETIC PROGRAMMINGJohn R. KozaComputer Science DepartmentStanford UniversityMargaret Jacks HallStanford, California 94305—2140 USA

59 ARCHITECTURE-ALTERING OPERATIONS FOR EVOLVING THEARCHITECTURE OF A MULTI-PART PROGRAM IN GENETIC PROGRAMMINGJohn R. KozaComputer Science DepartmentStanford UniversityMargaret Jacks HallStanford, California 94305-2140 USAKoza@CS.Stanford.EduPhone: 415-941-0336FAX: 415-941-9430ABSTRACTPrevious work described a way to evolutionarily select the architecture of amulti-part computer program from among preexisting alternatives in thepopulation while concurrently solving a problem during a run of geneticprogramming. This report describes six new architecture-altering operations thatprovide a way to evolve the architecture of a multi-part program in the sense ofactually changing the architecture of programs dynamically during the run.T h e n e w a r c h i t e c t u r e - a l t e r i n g o p e r a t i o n s a r e m o t i v a t e d b y t h e naturally occurring operation of gene duplication as described inSusumu Ohno’s provocative 1970 book Evolution by Means of GeneD u p l i c a t i o n as well as the naturally occurring operation of gened e l e t i o n . The six new architecture-altering operations are branch duplication,a r g u m e n t d u p l i c a t i o n , b r a n c h c r e a t i o n , a r g u m e n t c r e a t i o n , b r a n c h deletion and argument deletion.A connection is made between genetic programming and othert e c h n i q u e s o f a u t o m a t e d p r o b l e m s o l v i n g b y i n t e r p r e t i n g t h e architecture-altering operations as providing an automated way tospecialize and generalize programs.The report demonstrates that a hierarchical architecture can beevolved to solve an illustrative symbolic regression problem using thea r c h i t e c t u r e - a l t e r i n g o p e r a t i o n s . Future work will study the amount of additional computational effortrequired to employ the architecture-altering operations.