TABLE OF CONTENTS1............ INTRODUCTION AND OVERVIEW11.1......... EXAMPLES OF PROBLEMS REQUIRING DISCOVERY OF ACOMPUTER PROGRAM11.2......... SOLVING PROBLEMS REQUIRING DISCOVERY OF A COMPUTERPROGRAM32............ BACKGROUND ON GENETIC ALGORITHMS63............ THE �GENETIC PROGRAMMING� PARADIGM83.1......... THE STRUCTURES UNDERGOING ADAPTATION83.2......... THE SEARCH SPACE103.3......... THE INITIAL STRUCTURES103.4......... THE FITNESS FUNCTION103.5......... THE OPERATIONS THAT MODIFY THE STRUCTURES113.5.1....... THE FITNESS PROPORTIONATE REPRODUCTION OPERATION113.5.2....... THE CROSSOVER (RECOMBINATION) OPERATION123.6......... THE STATE OF THE SYSTEM133.7......... IDENTIFYING THE RESULTS AND TERMINATING THE ALGORITHM143.8......... THE PARAMETERS THAT CONTROL THE ALGORITHM144............ EXPERIMENTAL RESULTS164.1......... MACHINE LEARNING OF A FUNCTION164.1.1....... BOOLEAN 11-MULTIPLEXER FUNCTION164.1.2 ...... THE BOOLEAN 6-MULTIPLEXER AND 3-MULTIPLEXER FUNCTIONS244.1.3 ...... NON-RANDOMNESS OF THESE RESULTS244.2......... PLANNING274.2.1. . . . . . BLOCK STACKING274.2.2. . . . . . CORRECTLY STACKING BLOCKS294.2.3....... EFFICIENTLY STACKING BLOCKS314.2.4. . . . . . A PARSIMONIOUS EXPRESSION FOR STACKING BLOCKS324.2.5. . . . . . ARTIFICIAL ANT - TRAVERSING THE JOHN MUIR TRAIL334.3......... SYMBOLIC FUNCTION IDENTIFICATION354.3.1....... SEQUENCE INDUCTION354.3.1.1.. . . FIBONACCI SEQUENCE354.3.1.2.. . . HOFSTADTER SEQUENCE364.3.2....... SYMBOLIC REGRESSION374.3.2.1. . . SIMPLE EXAMPLE OF SYMBOLIC REGRESSION374.3.2.2. . . SYMBOLIC REGRESSION WITH CONSTANT CREATION40

4.3.3....... EMPIRICAL DISCOVERY414.3.3.1.. . . ECONOMETRIC TIME SERIES414.3.3.2.. . . KEPLER�S THIRD LAW424.3.3.3.. . . CHAOS434.3.4....... TRIGONOMETRIC IDENTITIES434.3.5....... "DATA TO FUNCTION" SYMBOLIC INTEGRATION444.3.6....... "DATA TO FUNCTION" SYMBOLIC DIFFERENTIATION454.4......... SOLVING EQUATIONS464.4.1....... DIFFERENTIAL EQUATIONS464.4.1.1.. . . POWER SERIES SOLUTION TO A DIFFERENTIAL EQUATION484.4.2....... INTEGRAL EQUATIONS494.4.3....... INVERSE PROBLEMS494.4.4....... SOLVING FUNCTIONAL EQUATIONS504.4.5....... SOLVING GENERAL MATHEMATICAL EQUATIONS FOR NUMERICVALUES504.5......... CONCEPT FORMATION514.6......... AUTOMATIC PROGRAMMING524.6.1....... SOLVING PAIRS OF LINEAR EQUATIONS534.6.2....... QUADRATIC EQUATIONS534.6.3....... OTHER COMPUTATIONAL PROBLEMS - FINDING PRIMES544.7......... PATTERN RECOGNITION544.8......... NON-LINEAR OPTIMAL CONTROL STRATEGY FOR BALANCING ABROOM554.8.1 . . . . . CASE I574.8.2. . . . . . CASE II694.9......... FINDING GAME-PLAYING STRATEGIES714.9.1. . . . . . DIFFERENTIAL PURSUER-EVADER GAME714.9.2....... DISCRETE GAME IN EXTENSIVE FORM764.10........ PROBLEMS USING STRUCTURE-PRESERVING CROSSOVER794.10.1.. . . . MULTIPLE REGRESSION794.10.2.. . . . NEURAL NETWORK DESIGN815. ......... SUMMARY OF HOW TO USE THE ALGORITHM895.1......... IDENTIFYING THE SET OF TERMINALS895.2......... IDENTIFYING THE FUNCTION SET895.3......... ESTABLISHING THE ENVIRONMENTAL CASES905.4......... IDENTIFYING THE FITNESS FUNCTION915.5......... SELECTING THE PARAMETERS FOR THE RUNS91

5.6......... TERMINATION AND SOLUTION IDENTIFICATION926............ COMPUTER IMPLEMENTATION936.1. ....... COMPUTER INTERFACE936.2. ....... SPECIAL PROBLEMS OF COMPUTER IMPLEMENTATION956.3. ....... MINOR PARAMETERS FOR CONTROLLING THE ALGORITHM977............ ADDITIONAL OPERATIONS997.1......... THE MUTATION OPERATION997.2......... THE PERMUTATION OPERATION997.3......... THE EDITING OPERATION1007.4......... THE �DEFINE BUILDING BLOCK� OPERATION1008............ ROBUSTNESS1039............ PERFORMANCE MEASUREMENT1049.1......... FACTORS INVOLVED COMPARING MACHINE LEARNINGPARADIGMS1049.2......... PREMATURE CONVERGENCE AND NICHES1069.3......... AMOUNT OF PROCESSING REQUIRED10710.......... THEORETICAL DISCUSSION11611.......... FUTURE WORK11812. ........ GENERAL DISCUSSION11913.......... CONCLUSION12114.......... ACKNOWLEDGMENTS12215.......... REFERENCES123

Computer Science DepartmentJune 1990GENETIC PROGRAMMING: A PARADIGM FOR GENETICALLYBREEDING POPULATIONS OF COMPUTER PROGRAMS TOSOLVE PROBLEMSJohn R. Koza(Koza@Sunburn.Stanford.Edu)Computer Science DepartmentStanford UniversityMargaret Jacks HallStanford, CA 94305

GENETIC PROGRAMMING: A PARADIGM FOR GENETICALLYBREEDING POPULATIONS OF COMPUTER PROGRAMS TOSOLVE PROBLEMSJohn R. KozaComputer Science DepartmentStanford UniversityMargaret Jacks HallStanford, CA 94305Koza@Sunburn.Stanford.EduABSTRACT: Many seemingly different problems in artificial intelligence, symbolic processing,and machine learning can be viewed as requiring discovery of a computer program that producessome desired output for particular inputs. When viewed in this way, the process of solving theseproblems becomes equivalent to searching a space of possible computer programs for a most fitindividual computer program. The new �genetic programming� paradigm described hereinprovides a way to search for this most fit individual computer program. In this new �geneticprogramming� paradigm, populations of computer programs are genetically bred using theDarwinian principle of survival of the fittest and using a genetic crossover (recombination) operatorappropriate for genetically mating computer programs. In this paper, the process of formulatingand solving problems using this new paradigm is illustrated using examples from various areas.Examples come from the areas of machine learning of a function; planning; sequence induction;symbolic function identification (including symbolic regression, empirical discovery, "data tofunction" symbolic integration, "data to function" symbolic differentiation); solving equations,including differential equations, integral equations, and functional equations); concept formation;automatic programming; pattern recognition, time-optimal control; playing differential pursuer-evader games; neural network design; and finding a game-playing strategy for a discrete game inextensive form.1 . INTRODUCTION AND OVERVIEWMany seemingly different problems from artificial intelligence, symbolic processing, and machinelearning can be viewed as requiring the discovery of a computer program that produces some de-sired output when presented with particular inputs. Depending on the terminology of the particularfield involved, the �computer program� may be called a robotic action plan, an optimal controlstrategy, a decision tree, an econometric model, a set of state transition equations, the transferfunction, a game-playing strategy, or, perhaps more generically, a "composition of functions."Similarly, the �inputs� to the �computer program� may be called sensor values, state variables, in-dependent variables, attributes, or, perhaps merely, "arguments to a function." However, regard-less of different terminology used, the underlying common problem is discovery of a computerprogram that produces some desired output when presented with particular inputs.The purpose of this paper is to show how to reformulate these seemingly different problems into acommon form (i.e. a problem requiring discovery of a computer program) and, then, to describe asingle, unified approach for solving problems formulated in this common form.1 . 1 . EXAMPLES OF PROBLEMS REQUIRING DISCOVERY OF ACOMPUTER PROGRAMThe following problems are among the many problems that can be viewed as problems ofdiscovering a computer program that produces some desired output when presented with particularinputs:¥Machine learning of a function requires discovering a composition of functions that can returnthe correct value of a function after seeing a relatively small number of specific examplesassociating the value of the function with particular combinations of arguments. The problem

2of learning the Boolean multiplexer function is an example of machine learning of a function.In this paper, we show how to discover a composition of elementary Boolean functions for theBoolean 11-multiplexer function (Section 4.1).¥Planning in artificial intelligence and robotics requires finding a plan that receives informationfrom sensors about the state of various objects in a system and then uses that information toselect a sequence of actions which change the state of the objects in the system. In this paper,we show how to generate a general plan for correctly stacking labeled blocks onto a targettower in a specified order. We then show how to generate a more efficient plan to solve thesame problem by including the plan’s efficiency as a component of the fitness measure. Wealso show how to generate a plan allowing an �artificial ant� to traverse a trail with gaps ofvarious types (Section 4.2).¥Symbolic function identification requires finding a function, in symbolic form, that fits a givendiscrete set of data points. Symbolic function identification problems appear in various forms.The simplest form is sequence induction. Sequence induction requires developing acomputational procedure that can generate any arbitrary element in a sequence S =S0,S1,...,Sj,... after seeing only a relatively small number of specific examples of the valuesof the sequence. For example, one might easily induce the computational procedure j2+1 givenonly the six sequence values 1, 2, 5, 10, 17, 26 for sequence positions j from 0 through 5. Onthe other hand, it is considerably harder to identify the computational procedure for S = 1, 1, 2,3, 3, 4, 5, 5, 6, 6, 6, 8, 8, 8, 10, 9, 10, 11, 11, 12. In any case, induction is at the heart oflearning and the ability to correctly perform induction is widely accepted as a means formeasuring human intelligence. In this paper we demonstrate how to perform sequenceinduction using the "genetic programming" paradigm and find a correct computationalprocedure for the Fibonacci and Hofstadter sequences (Section 4.3.1).¥"Symbolic regression" is another form of the problem of symbolic function identification.Symbolic regression requires finding a function, in symbolic form, that fits a given samplingof values of the dependent variable associated with particular given values of the independentvariable(s). While conventional linear, quadratic, or higher order polynomial regressionrequires merely finding the numeric coefficients for a function of a pre-specified functionalform, symbolic regression involves finding both the appropriate functional form and the ap-propriate numeric coefficients for the model. In this paper, we show how to find a compositionof mathematical functions and numeric constants that fits a given sampling of data (Section4.3.2).¥"Empirical discovery" also requires finding a function, in symbolic form, that fits givennumeric data points representing some observed system. Finding such an empirical model for asystem can also be used in forecasting future values of the state variables of the system. In thispaper, we rediscover the well-known non-linear econometric �exchange equation� M= PQ/Vrelating the time series for the money supply with the price level, gross national product, andvelocity of money in an economy (Hallman 1989). We also rediscover Kepler�s third law fromempirically observed planetary data and discover the functional form of a simple "chaotic"function (Section 4.3.3). ¥Symbolic "data to function" integration and symbolic "data to function" differentiation involvefinding the integral or derivative in symbolic form, of an unknown curve represented by asampling of discrete data points Sections 4.3.5. and 4.3.6).¥Solving functional equations involves finding a function that satisfies the given functionalequation. In this paper, we show how to solve a differential equation for a function, insymbolic form, that satisfies (or approximately satisfies) the differential equation and itsassociated initial conditions. We also discover a Taylor power series as the solution to adifferential equation. We similarly solve integral equations for the function, in symbolic form,that satisfies (or approximately satisfies) the integral equation. We also solve an inverse

3problem and other more general functional equations. The special case of solving an equationfor numeric (i.e. non-functional) roots is also presented. (Section 4.4).¥Concept formation requires developing a decision tree for classifying any object in a universeinto a particular class on the basis of the attributes of that object. In this paper we show how toinduce a decision tree to classify objects into classes (Section 4.5).¥Automatic programming requires developing a computer program that can produce a desiredoutput for a given set of inputs. In this paper, we show how to find a computational procedurefor solving a given pair of linear equations a11x1 + a12x2 = b1 and a21x1 + a22x2 = b2 for thereal-valued variable x1; how to find a computational procedure for solving a given quadraticequation ax2 + bx + c = 0 for a complex-valued root x1; and how to solve certain trigonometricidentities. We also show how to solve other computational problems, such as finding theprime numbers (Section 4.6).¥Pattern recognition requires finding a computational procedure that processes a digitized inputimage to determine whether a particular pattern is present in the input image. In this paper, weshow how to do translation-invariant pattern recognition of a simple one-dimensional shape ina linear retina (Section 4.7).¥Time-optimal control requires finding a control strategy that uses the values of the state vari-ables of a system to select a sequence of actions to change the state of the system to a desirednew state in minimal time. An example of a time-optimal control problem involves discoveringa non-linear "bang bang" control strategy for centering a cart and balancing a broom in minimaltime (Section 4.8).¥Game playing requires finding a strategy for a player that specifies what move that player is tomake at each point in the game. In this paper, we show how to find the minimax strategy forthe pursuer to catch an evader in the differential "game of simple pursuit" played on the plane .We also show how to find the minimax game-playing strategy for a discrete game in extensiveform (Section 4.9).¥"Multiple regression" is another form of the problem of symbolic function identification.Multiple regression requires finding a multiple-valued function, in symbolic form, that fits agiven sampling of values of dependent variables associated with particular given values of theindependent variable(s). The problem of multiple regression illustrates the additionalrequirement of creating random random individuals that comply with a particular set ofsyntactic restrictions and then performing structure-preserving crossover on those individualsIn this paper, we show how to find the complex multiplication function (Section 4.10.1).¥Neural network design and training involves finding a neural network architecture andassociated set of weights so that the neural network can perform a desired task. In particular, inthis paper, we show how to discover the appropriate number of layers for the neural net, thenumber of processing elements in each layer, the connections between processing elements,and the required weights. The problem of neural network design illustrates the additionalrequirement of creating random random individuals that comply with a particular set ofsyntactic restrictions and then performing structure-preserving crossover on those individuals(Section 4.10.2).1 . 2 . SOLVING PROBLEMS REQUIRING DISCOVERY OF A COMPUTERPROGRAMProblems of the type described above can be expeditiously solved only if the flexibility found incomputer programs is available. The flexibility we seek includes the ability to create and executecomputer programs whose size, shape, and complexity is not specified in advance, to performalternative computations conditioned on the outcome of intermediate calculations, to performcomputations on variables of many different types, to perform iterations and recursions to achieve

4the desired result, to define and subsequently use computed values and sub-programs, and toperform all of these operations in a hierarchical wayWe claim that the process of solving these problems can be reformulated as a search for a most fitindividual computer program in the space of possible computer programs. In particular, the searchspace is the hyperspace of LISP �symbolic expressions� (called S-expressions) composed offunctions and terminals appropriate to the problem domain.As will be seen, the LISP S-expression which solves each of the problems described above willemerge from a simulated evolutionary process using a new �genetic programming paradigm" usinga "hierarchical genetic algorithm."In each case, this simulated evolutionary process starts with an initial population of randomlygenerated LISP S-expressions composed of functions and terminals appropriate to the problem do-main. The functions may be standard arithmetic operations, standard programming operations,standard mathematical functions, and various domain-specific functions.A fitness function measures how well each individual LISP S-expression in the populationperforms in the particular problem environment. In many problems, the fitness is measured by thesum of the distances (taken for all the environmental cases) between the point in the range space(whether Boolean-valued, integer-valued, real-valued, complex-valued, vector-valued, symbolic-valued, or multiple-valued) created by the S-expression for a given set of arguments and the correctpoint in the range space. The closer this sum is to zero, the better the S-expression.Predictably, the initial random individual S-expressions has exceedingly poor fitness. Nonetheless,some individuals in the population are somewhat more fit than others. And, in the valley of theblind, the one-eyed man is king.Then, an algorithm based on the Darwinian model of reproduction and survival of the fittest andgenetic recombination is used to create a new population of individuals from the current populationof individuals. In particular, a genetic process of sexual reproduction between two parental S-expressions is used to create offspring S-expressions. The two participating parental S-expressionsare selected in proportion to fitness. The resulting offspring S-expressions are composed of sub-expressions ("building blocks") from their parents. Then, the new population of offspring (i.e. thenew generation) replaces the old population of parents (i.e. the old generation). Then, eachindividual in the new population is measured with the fitness function and the process is repeated.At each stage of this highly parallel, locally controlled, and decentralized process, the state of theprocess will consist only of the current population of individuals. Moreover, the only input to thealgorithmic process will be the observed fitness of the individuals in the current population ingrappling with the problem environment.As will be seen, this algorithm will produce populations which, over a period of generations, tendto exhibit increasing average fitness in dealing with their environment, and which, in addition, willtend to robustly (i.e. rapidly and effectively) adapt to changes in the environment.The solution produced by this algorithm at any given time can be viewed as the entire population ofdisjunctive alternative solutions (typically with improved overall average fitness as compared to thebeginning of the algorithm), or, more commonly, as the single best individual in the population atthat time ("winner take all").The hierarchical character of the computer programs that are produced by the genetic programmingparadigm is an important feature of the �genetic programming� paradigm. The results of thisgenetic programming paradigm process are inherently hierarchical. And, in many cases, the resultsoften contain default hierarchies which solve the problem in a relatively parsimonious way.The dynamic variability of the computer programs that are developed along the way to a solution isalso an important feature of the genetic programming paradigm. In each case, it would be difficultand unnatural to try to specify or restrict the size and shape of the eventual solution in advance.

5Moreover, the advance specification or restriction of the size and shape of the solution to a problemnarrows the window by which the system views the world and might well preclude finding thesolution to the problem.Another important feature of the genetic programming paradigm is absence of preprocessing ofinputs and the fact that the solution is expressed directly in terms of the functions and argumentsfrom the problem domain. This makes the results immediately comprehensible and intelligible inthe terms of the problem domain.Most importantly, the "genetic programming" paradigm is general and provides a single, unifiedapproach to a variety of seemingly different problems in a variety of areas.

62 . BACKGROUND ON GENETIC ALGORITHMSObserving that sexual reproduction in conjunction with Darwinian natural selection based on re-production and survival of the fittest enables biological species to robustly adapt to their environ-ment, Professor John Holland of the University of Michigan presented the pioneering mathematicalformulation of simulated evolution (�genetic algorithms�) for fixed-length (typically binary)character strings in Adaptation in Natural and Artificial Systems (Holland 1975).In this work, Holland demonstrated that a wide variety of different problems in adaptive systemsare susceptible to reformulation in genetic terms so that they can potentially be solved by a highlyparallel mathematical �genetic algorithm� that simulates Darwinian evolutionary processes and nat-urally occurring genetic operations on chromosomes.Genetic algorithms superficially seem to process only the particular individual binary characterstrings actually present in the current population. However, Holland’s 1975 work focused atten-tion on the fact that they actually also implicitly process, in parallel, large amounts of useful infor-mation concerning unseen Boolean hyperplanes (called schemata) representing numerous addi-tional similar individuals not actually present in the current population. Thus, genetic algorithmshave a property of "intrinsic parallelism" which enable them to create individual strings for the newpopulation in such a way that the hyperplanes representing these unseen similar other individualsare all automatically expected to be represented in proportion to the fitness of the hyperplane rela-tive to the average population fitness. Moreover, this additional computation is accomplished with-out any explicit computation or memory beyond the population itself. As Schaffer (1987) pointsout, "Since there are very many more than N hyperplanes represented in a population of N strings,this constitutes the only known example of the combinatorial explosion working to advantage in-stead of disadvantage."In addition, Holland established that the seemingly unprepossessing genetic operation of crossoverin conjunction with the straight forward operation of fitness proportionate reproduction causes theunseen hyperplanes (schemata) to grow (and decay) from generation to generation at rates that aremathematically near optimal. In particular, Holland established that the genetic algorithm is amathematically near optimal approach to adaptation in the sense that it maximizes overall expectedpayoff when the adaptive process is viewed as a set of multi-armed slot machine problems forallocating future trials in the search space given currently available information.Holland’s l975 work also highlighted the relative unimportance of mutation in the evolutionaryprocess. In this regard, it contrasts sharply with numerous other efforts to solve adaptive systemsproblem by merely �saving and mutating the best�, such as the 1966 Artificial Intelligence throughSimulated Evolution (Fogel et. al.) and other work using only asexual mutation (Dawkins 1987,Lenat 1976, Lenat 1983, Lenat 1984, Hicklin 1986).Recent work on genetic algorithms is surveyed in the recent special issue of Machine Learningjournal on genetic algorithms (Goldberg and Holland 1988) as well as in Goldberg (1989),Schaffer (1989), Grefenstette (1987a), Grefenstette (1985), Davis (1987), and the survey articleby Booker et. al. in the recent special issue on machine learning of Artificial Intelligence journal(1989).Representation is a key issue in genetic algorithm work because the representation scheme canseverely limit the window by which the system observes its world. However, as Davis andSteenstrup (1987) point out, "In all of Holland’s work, and in the work of many of his students,chromosomes are bit strings." String-based representation schemes are difficult and unnatural formany problems and the need for more powerful representations has been recognized for some time(De Jong 1985, De Jong 1987, De Jong 1988).Smith (1980 and 1983) departed from the early fixed-length character strings by introducingvariable length strings, including strings whose elements were if-then rules (rather than singlecharacters). Various application-specific variations on the basic genetic algorithm are reported in

7Grefenstette (1985) and Grefenstette (1987a). These variations include both work where thestructures undergoing adaptation are more complex than strings and work where the geneticoperations are modified to meet the needs of particular applications.The introduction of the classifier system (Holland 1986, Holland et. al. 1986, Holland and Burks1987, Holland and Burks 1989) continued the trend towards increasing the complexity of thestructures undergoing adaptation. A classifier system is a cognitive architecture into which thegenetic algorithm has been embedded so as to allow adaptive modification of a population ofstring-based if-then rules (whose condition and action parts are fixed length binary strings). Theclassifier system architecture blends the desirable features of if-then rules from expert systems, amore precisely targeted allocation of credit to specific rules for performance, and the creative powerof the genetic algorithm. In addition, embedding the genetic algorithm into the classifier systemarchitecture creates a computationally complete system which can, for example, realize functionssuch as the exclusive-or function. The exclusive-or function was not realizable by early single layerlinear perceptrons (Minsky and Papert 1969) and, because the exclusive-or function yields totallyuninformative schemata (similarity templates), it was not realizable with conventional linear geneticalgorithms using fixed length binary strings.Friedberg’s early efforts (1958, 1959) at generating computer programs in a simplified assemblylanguage did not use the genetic algorithm; however, Cramer (1985) used the genetic algorithm togenerate computer programs with a fixed structure and reported on the highly epistatic nature of theproblem of generating programs. Hicklin (1986) applied a mutation operation to LISP programs.Fujiki (1986) discussed the desirability of applying all the genetic operations to LISP programs.Subsequently, Fujiki and Dickinson (1987) implemented genetic operations to manipulate the if-then clauses of a LISP computer program consisting of a single COND (conditional) statementspecifying strategies for playing the iterated prisoner�s dilemma game.String-based representation schemes do not provide the hierarchical structure central to the organi-zation of computer programs (into programs and subroutines) and the organization of behavior(into tasks and subtasks). Some work has been done to alleviate this problem, notably Wilson’smodification (1987b) of Holland�s bucket brigade algorithm for credit allocation in classifier sys-tems. Wilson�s hierarchical credit allocation algorithm was designed to encourage the creation ofhierarchies of rules and discourage the exceedingly long linear sequences of rules that are other-wise characteristic of classifier systems.String-based representation schemes do not provide any convenient way of representing arbitrarycomputational procedures or of incorporating iteration or recursion when these capabilities are in-herently necessary to solve the problem.Moreover, string-based representation schemes do not have dynamic variability so that the initialselection of string length limits in advance the number of internal states of the system and the com-putational complexity of what the system can learn.Moreover, string-based representation schemes do not facilitate representation of situations wherecomputer programs modify and execute themselves. The predetermination of the size and shape ofsolutions and the pre-identification of the particular components of solutions has been a bane ofmachine learning systems from the earliest times (Samuel 1959) as well as in later efforts in auto-matic programming (Green et. al. 1974, Lenat 1976, Lenat and Brown 1984).

83 . THE �GENETIC PROGRAMMING� PARADIGMIn this section we describe the �genetic programming� paradigm using hierarchical genetic algo-rithms by specifying (1) the nature of the structures that undergo adaptation in this paradigm, (2)the search space of structures, (3) the initial structures, (4) the environment and fitness functionwhich evaluates the structures in their interaction with the environment, (5) the operations that areperformed to modify the structures, (6) the state (memory) of the algorithmic system at each pointin time, (7) the method for terminating the algorithm and identifying its output, and (8) the parame-ters that control the process.3.1. THE STRUCTURES UNDERGOING ADAPTATIONThe structures that undergo adaptation in the genetic programming paradigm are hierarchicallystructured computer programs whose size, shape, and complexity can dynamically change duringthe process. This is in contrast to the one-dimensional linear strings (whether of fixed or variablelength) of characters (or other objects) cited previously.The set of possible structures that undergo adaptation in the genetic programming paradigm is theset of all possible composition of functions that can be composed recursively from the available setof n functions F = {f1, f2, ... , fn} and the available set of m terminals T = {a1, a2, ... , am}. Eachparticular function f in F takes a specified number z(f) of arguments b1, b2, ..., bz(f). Dependingon the particular problem of interest, the functions may be standard arithmetic operations (such asaddition, subtraction, multiplication, and division), standard mathematical functions(such as SIN,EXP, etc.), Boolean operations, domain-specific functions, logical operators such as If-Then-Else,and iterative operators such as Do-Until, etc. We assume that each function in the function set ofwell defined for any value in the range of any of the functions. The "terminals" may be variableatomic arguments, such as the state variables of a system; constant atomic arguments, such as 0and 1; and, in some cases, may be other atomic entities such as functions with no arguments (eitherbecause the argument is implicit or because the real functionality of the function is the side effect ofthe function on the state of the system).Virtually any programming language is capable of expressing and evaluating the compositions offunctions described above (e.g. PASCAL, FORTRAN, C, FORTH, LISP, etc.). We have chosenthe LISP programming language (first developed by John McCarthy in the 1950�s) for the workdescribed in this article for the following six reasons.First, both programs and data have the same form in LISP. This means that it is possible togenetically manipulate a computer program and then immediately execute it (using the EVALfunction of LISP).Second, the above-mentioned common form for both programs and data in LISP is equivalent tothe parse tree for the computer program. In spite of their outwardly different appearance andsyntax, most "compiled" programming languages convert, at the time of compilation, a givenprogram into a parse tree representing its underlying composition of functions. In mostprogramming languages, this parse tree is not accessible to the programmer. As will be seen, weneed access to the parse tree because we want to genetically manipulate the sub-parts of givencomputer programs (i.e. sub-trees of the parse tree). LISP gives us convenient access to this parsetree.Third, LISP facilitates the programming of structures whose size and shape changes dynamically(rather than predetermined in advance). Moreover, LISP’s dynamic storage allocation and garbagecollection provides administrative support for programming of dynamically changing structures.Fourth, LISP facilitates the handling of hierarchical structures.Fifth, the LISP programming language is reentrant.Sixth, software environments with a rich collection of tools are commercially available for the

9LISP programming language.For these reasons, we have chosen the LISP programming language for the work described in thispaper. In particular, we have chosen the Common LISP dialect of LISP (Steele 1984). That is, thestructures that undergo adaptation in the genetic programming paradigm are LISP computerprograms (i.e. LISP symbolic expressions).It is important to note that we did not choose the LISP programming language for the workdescribed in this article because we intended to make any use of the list data structure or the listmanipulation functions unique or peculiar to the LISP programming language.The general nature of the LISP programming language can be illustrated by a simple example. Forexample, (+ 1 2) is a LISP symbolic expression (S-expression) that evaluates to 3. In this S-expression, the addition function (+) appears just inside the left-most parenthesis of the S-expression. This "prefix" form (e.g. Polish notation) represents the application of a function (+) toits arguments (1 and 2) and is a convenient way to express a composition of functions. Thus, theS-expression (+ 1 (* 2 3)) is a composition of two functions (+ and *) that evaluates to 7.Similarly, the S-expression (+ 1 2 (IF (> TIME 10) 3 4)) demonstrates the �function� > being ap-plied to the variable atom TIME and the constant atom 10. The sub-expression (> TIME 10)evaluates to either T (True) or NIL (False) and this value becomes the first argument of the�function� IF. The function IF returns either its second argument (i.e. the constant atom 3) if itsfirst argument is T and it returns its third argument (i.e. the constant atom 4) if its first argument isNIL. Thus, this S-expression evaluates to either 6 or 7 depending on the current value of TIME.Now consider the Boolean exclusive-or function which can be expressed in disjunctive normalform and represented as the following LISP S-expression:(OR (AND (NOT D0) (NOT D1)) (AND D0 D1)).The set of functions here is F = {AND, OR, NOT} and the set of terminals is T = {D0, D1}. Forour purposes here, terminals can be viewed as functions requiring zero arguments in order to beevaluated. Thus, we can combine the set of functions and terminals into a combined setC = F ¨ T = {AND, OR, NOT, D0, D1} taking 2, 2, 1, 0, and 0 arguments, respectively.Any LISP S-expression can be graphically depicted as a rooted point-labeled tree with orderedbranches. The tree corresponding to the LISP S-expression above for the exclusive-or function isshown below:ORANDNOTNOTD0D1ANDD1D0In this graphical depiction, the 5 internal points of the tree are labeled with functions (e.g. OR,AND, NOT, NOT, and AND); the 4 external points (leaves) of the tree are labeled with terminals(e.g. the variable atoms D0, D1, D0, and D1); and the root of the tree is labeled with the function(i.e. OR) appearing just inside the outermost left parenthesis of the LISP S-expression. This tree isequivalent to the parse tree which most compilers construct internally to represent a given computerprogram.Note that the set of functions and terminals being used in a particular problem should be selected so

10as to be capable of solving the problem (i.e. some composition of the available functions andterminals should yield a solution). Removing the function NOT from the function set F abovewould, for example, create an insufficient function set for expressing the Boolean exclusive-orfunction.3 . 2 . THE SEARCH SPACEThe search space for the genetic programming paradigm is the hyperspace of valid LISP S-expressions that can be recursively created by compositions of the available functions and availableterminals for the problem. This search space can, equivalently, be viewed as the hyperspace ofrooted point-labeled trees with ordered branches having internal points labeled with the availablefunctions and external points (leaves) labeled with the available terminals.3 . 3 . THE INITIAL STRUCTURESGeneration of the initial random population begins by selecting one of the functions from the set Fat random to be the root of the tree. Whenever a point is labeled with a function (that takes karguments), then k lines are created to radiate out from the point. Then, for each line so created, anelement is selected at random from the entire combined set C to be the label for the endpoint of thatline. If an terminal is chosen to be the label for any point, the process is then complete for thatportion of the tree. If a function is chosen to be the label for any such point, the process continues.The probability distribution over the terminals and functions in the combined set C and the numberof arguments taken by each function implicitly determines an average size for the trees generated bythis initial random generation process. In this paper, this distribution is always a uniform randomprobability distribution over the entire set C (with the exception that the root of the tree must be afunction). In some problems, one might bias this initial random generation process with a non-uniform distribution or by seeding particular individuals into the population.3 . 4 . THE FITNESS FUNCTIONEach individual in a population is assigned a fitness value as a result of its interaction with the envi-ronment. Fitness is the driving force of Darwinian natural selection and, likewise, of genetic algo-rithms.The environment is a set of cases which provides a basis for evaluating the fitness of the S-expressions in the population. For example, for the exclusive-or function, the obvious choice forthe environment is the set of four combinations of possible values for the two variable atoms D0and D1 along with the associated value of the exclusive-or function for the four such combinations.For most of the problems described herein, the �raw fitness� of any LISP S-expression is the sumof the distances (taken over all the environmental cases) between the point in the range spacereturned by the S-expression for a given set of arguments and the correct point in the range space.The S-expression may Boolean-valued, integer-valued, real-valued, complex-valued, vector-valued, multiple-valued, or symbolic-valued.If the S-expression is integer-valued or real-valued, the sum of distances is the sum of absolutevalues of the differences between the numbers involved. In particular, the raw fitness r(i,t) of anindividual LISP S-expression i in the population of size M at any generational time step t isr(i,t) = �j=1N e˚S(i,j)˚-˚C(j)where S(i,j) is the value returned by S-expression i for environmental case j (of Ne environmentalcases) and where C(j) is the correct value for environmental case j.If the S-expression is Boolean-valued or symbolic-valued, the sum of distances is equivalent to thenumber of mismatches. If the S-expression is complex-valued, or vector-valued, or multiple-valued, the sum of the distances is the sum of the distances separately obtained from each

11component of the vector or list.The closer this sum of distances is to zero, the better the S-expression. If the S-expression (or each component of a vector or list) is real-valued or integer-valued, thesquare root of the sum of squares of distances can, alternatively, be used to measure fitness(thereby increasing the influence of more distant points).For some problems described herein, the fitness function does not work with the actual valuereturned by the individual S-expression, but some number (e.g. elapsed time, total score, caseshandled, etc.) which is indirectly created by the action of the S-expression. Nonetheless, the rawfitness function must be defined in such a way that the raw fitness is to be smaller for betterindividuals in the population.For each problem described herein, the raw fitness r(i,t) is then adjusted (scaled) to produce anadjusted fitness measure a(i,t). The �adjusted fitness� value a(i,t) isa(i,t) = 1(1+r(i,t)),where r(i,t) is the raw fitness for individual i at time t. Unlike raw fitness, the adjusted fitness islarger for better individuals in the population. Moreover, the adjusted fitness lies between 0 and 1.Each such adjusted fitness value a(i,t) is then normalized. The �normalized fitness� value n(i,t) isn(i,t) = a(i,t)�k=1M ˚˚a(k,t)The normalized fitness not only ranges between 0 and 1 and is larger for better individuals in thepopulation, but the sum of the normalized fitness values is 1. When we use the phrases"proportional to fitness" or "fitness proportionate" in this paper, we are referring to normalizedfitness.As will be seen, it is also possible for the fitness function to consider secondary factors (e.g., effi-ciency of the S-expression, parsimony of the S-expression, compliance with the initial conditionsof a differential equation, etc.).When the number of environmental cases is large, it is sometimes expeditious to compute the fit-ness function using only a sampling of the possible environmental cases (including, possibly, asampling that varies from generation to generation to minimize the possible bias resulting fromsuch sampling).3 . 5 . THE OPERATIONS THAT MODIFY THE STRUCTURESThe two primary operations for modifying the structures undergoing adaptation are Darwinian fit-ness proportionate reproduction and crossover (recombination). They are described below.Additional operations are described in section 7.3 . 5 . 1 . THE FITNESS PROPORTIONATE REPRODUCTION OPERATIONThe operation of fitness proportionate reproduction for the genetic programming paradigm is thebasic engine of Darwinian reproduction and survival of the fittest. It operates on only one parentalS-expression and produces only one offspring S-expression each time it is performed. That is, it isan asexual operation. If f(si(t)) is the fitness of individual si in the population at generation t, then,each time this operation is performed, each individual in the population has a probability of

12f(si(t))�j=1Mf(sj(t))of being copied into the next generation by the operation of fitness proportionate reproduction.Note that the parents remain in the population while this operation is performed and therefore canpotentially participate repeatedly in this operation (and other operations) during the current genera-tion. That is, the selection of parents is done with replacement (i.e. reselection) allowed.3 . 5 . 2 . THE CROSSOVER (RECOMBINATION) OPERATIONThe crossover (recombination) operation for the genetic programming paradigm creates variation inthe population by producing offspring that combine traits from two parents. The crossoveroperation starts with two parental S-expressions and produces at least one offspring S-expression.That is, it is a sexual operation. In this paper, two offspring will be produced on each occasion thatthe crossover operation is performed.In general, at least one parent is chosen from the population with a probability equal to their re-spective normalized fitness values. In this paper, both parents are so chosen.The operation begins by randomly and independently selecting one point in each parent using aprobability distribution. Note that the number of points in the two parents typically are not equal.As will be seen, the crossover operation is well-defined for any two S-expressions. That is, forany two S-expressions and any two crossover points, the resulting offspring are always validLISP S-expressions. Offspring consist of parts taken from each parent.The "crossover fragment" for a particular parent is the rooted sub-tree whose root is the crossoverpoint for that parent and where the sub-tree consists of the entire sub-tree lying below thecrossover point (i.e. more distant from the root of the original tree). Viewed in terms of lists inLISP, the crossover fragment is the sub-list starting at the crossover point.The first offspring is produced by deleting the crossover fragment of the first parent from the firstparent and then impregnating the crossover fragment of the second parent at the crossover point ofthe first parent. In producing this first offspring the first parent acts as the base parent (the femaleparent) and the second parent acts as the impregnating parent (the male parent). The second off-spring is produced in a symmetric manner.For example, consider the two parental LISP S-expressions below.ORANDD1D0NOTD1 ANDNOTNOTD0D1ORORD1NOTD0In terms of LISP S-expressions, the two parents are(OR (NOT D1) (AND D0 D1))and

13(OR (OR D1 (NOT D0)) (AND (NOT D0) (NOT D1))Assume that the points of both trees above are numbered in a depth-first way starting at the left.Suppose that the second point (out of the 6 points of the first parent) is selected as the crossoverpoint for the first parent and that the sixth point (out of the 10 points of the second parent) isselected as the crossover point of the second parent. The crossover points are therefore the NOTfunction in the first parent and the AND function in the second parent. Thus, the bold, underlinedportion of each parent above are the crossover fragments. The two crossover fragments are shownbelow:NOTD1 ANDNOTNOTD0D1The two offspring resulting from crossover are shown below.ORANDNOTNOTD0D1ANDD1D0 NOTD1ORORD1NOTD0Note that the first offspring above is a perfect solution for the exclusive-or function, namely(OR (AND (NOT D0) (NOT D1)) (AND D0 D1)).Note that because entire sub-trees are swapped, this genetic crossover (recombination) operationproduces valid LISP S-expressions as offspring regardless of which point is selected in either par-ent.If the root of one tree happens to be selected as the crossover point, the crossover operation willinsert that entire parent into the second tree at the crossover point of the second parent. In addition,the sub-tree from the second parent will, in this case, then become the second offspring.If the roots of two parents happen to be chosen as crossover points, the crossover operation simplydegenerates to an instance of fitness proportionate reproduction on those two parents.Note that if an individual mates with itself, the two resulting offspring will generally be different (ifthe crossover points selected are different).If a terminal is located at the crossover point in precisely one parent, then the sub-tree from thesecond parent is inserted at the location of the terminal in the first parent and the terminal from thefirst parent is inserted at the location of the sub-tree in the second parent. In this case, the crossoveroperation often has the effect of increasing the depth of one tree and decreasing the depth of thesecond tree.If terminals are located at both crossover points selected, the crossover operation merely swaps

14these terminals from tree to tree.3 . 6 . THE STATE OF THE SYSTEMThe state of the hierarchical genetic algorithm system at any generation consists only of the currentpopulation of individuals in the population. There is no additional memory or centralizedbookkeeping used in directing the adaptive process.3 . 7 . IDENTIFYING THE RESULTS AND TERMINATING THEALGORITHMThe solution produced by this algorithm at any given time can be viewed as the entire population ofdisjunctive alternatives (presumably with improved overall average fitness) or, more commonly, asthe single best individual in the population at that time ("winner takes all"). The algorithm can beterminated when either a specified total number of generations have been run or when some per-formance criterion is satisfied. In many problems, this performance requirement for terminationmay be that the sum of the distances reaches a value of zero. If a solution can be recognized whenit is encountered, the algorithm can be terminated at that time and the single best individual can beconsidered as the output of the algorithm.3 . 8 . THE PARAMETERS THAT CONTROL THE ALGORITHMThe algorithm is controlled by various parameters, including two major parameters and five minorparameters.The two major parameters are the population size and the number of generations to be run.A population size of 300 was used for all problems described in section 4 with the exception of the11-multiplexer problem. After the Boolean 6-multiplexer was solved using the common populationsize of 300, we noted that the search space of the next larger version of multiplexer problem (i.e. asearch space of size approximately 10616 for the 11-multiplexer problem) would alone indicateusing a larger population size for this particular problem. An especially large population size (i.e.4000) was then chosen for this particular problem in order to force down the number of genera-tions required to arrive at a solution so that it would be practical to create a complete genealogicalaudit trail for this problem.The number of generations was 51 (i.e. an initial random generation and 50 subsequent gen-erations). Note if termination of the algorithm is under control of some performance criterion(which was not the case in this paper), this parameter merely provides an overall maximum numberof generations to be run.These two major parameters are the same for all problems described in section 4 (with the oneexception already noted).The five minor parameters are discussed in section 6.3 and are the same for all problems describedin this article.

15There is no reason to think that the selection of the two major parameters and five minor parametersused in this paper are optimal. In fact, it is clear that computational resources were needlesslywasted on some of the problems described in this paper and convergence was needlessly hamperedon some of the problems by both the specific choice of parameters and by the decision to use thesame parameters on all of the problems described in this article. The problem of optimal parameterselection is an interesting and important issue affecting both string-based genetic algorithms andhierarchical genetic algorithms (as well as other machine learning paradigms). The problem ofoptimal parameter selection is deserving of future work. The discovery of a theoretical frameworkfor making parameter selections in a optimal way would be most welcome. However, the purposeof this paper is not to study the optimization of parameters, but to illustrate that a surprising rangeof seemingly different problems can be couched and solved using the new, common, unifiedapproach described herein. This common approach consists of first viewing the original problemas a problem requiring discovery of a computer program to solve the problem (thus making theoriginal problem into a problem of searching a space of possible computer programs for a most fitindividual computer program). Then, the genetic programming paradigm provides a way of findingthat individual computer program. The fact that the same (admittedly non-optimal and essentiallyarbitrary) set of parameters were used on all problems described in section 4 of this paper shouldhelp focus attention on the fact that a variety of different problems from different areas weresuccessfully handled and that this result did not depend on parameter selection.

164 . EXPERIMENTAL RESULTSThis section describes some experiments in machine learning using the "genetic programming"paradigm. In this section of this paper, we show (1) how we approached each problem so that itcould be solved using the "genetic programming" paradigm and (2) the result of one particular runfor each problem.The experiments have been selected to illustrate a variety of different types of problems from vari-ous different areas. The sample problems selected involve functions that are integer-valued, real-valued, Boolean-valued, vector-valued, complex-valued, and symbolic-valued. Some of theproblems require recursion for their solution. Some of the problems require one of three types ofiteration described in this paper. Some of the problems involve functions whose real functionalityis the side effects they cause on the state of the system involved, rather than their return values.Some problems involve the use of functional abstractions that give a name to a useful sub-programor computed value so it can be subsequently used elsewhere in the computer program.In order to provide a degree of comparability with previous research, many of the problemsdescribed in this paper benchmark problems that have been previously reported in the literature inconnection with existing paradigms for machine learning, artificial intelligence, induction, neuralnets, decision trees, and classifier systems. In many cases, these previously studied problemspresent certain difficulties for paradigms for machine learning, artificial intelligence, induction,neural nets, and classifier systems.Since the algorithm is probabilistic, we almost never get the precisely same result twice. Moreover,we almost never get the solution to the problem in the form we contemplated (although these solu-tions may be equivalent to what we contemplated). Thus, no one particular run and no particularsolution is truly typical or representative of the others. The purpose of this section is to illustratethe genetic programming paradigm by showing one particular illustrative result from one particularrun. In choosing the particular result and run for the illustrative purposes of this section, we haveavoided showing the "prettiest" solution and we have similarly avoided showing the mostconvoluted solution. In section 9, we present one way of statistically measuring the performance ofthe "genetic programming" paradigm, namely, the amount of computer processing required toproduce a solution with 99% probability (given that each run involved a particular population sizeand given that each run was cut off after a particular number of generations).Each of the problems presented has been repeatedly solved on numerous occasions (typicallydozens or hundreds of times). For each experiment reported below, the author believes thatsufficient information is provided to allow the experiment to be independently replicated to producesubstantially similar results (within the limits inherent in any process involving stochasticoperations).A discussion of computer implementation, the computer interface used to monitor runs, and theunique programming problems associated with executing ill-behaved, randomly-generated,genetically-modified computer programs is found in Section 6.4 . 1 . MACHINE LEARNING OF A FUNCTIONThe problem of machine learning of a function requires developing a composition of functions thatcan return the correct value of the function after seeing only a relatively small number of specificexamples of the value of the function associated with particular combinations of arguments.4.1.1. BOOLEAN 11-MULTIPLEXER FUNCTIONIn this first experiment, the problem is to learn the Boolean 11-multiplexer function. In general, theinput to the Boolean multiplexer function consists of k "address" bits ai and 2k "data" bits di and isa string of length k+2k of the form ak-1...a1a0 d2k-1...d1 d0. The value of the multiplexer functionis the value (0 or 1) of the particular data bit that is singled out by the k address bits of the

17multiplexer. For example, for the 11-multiplexer (where k = 3), if the three address bits a2a1a0 are

110, then the multiplexer singles out the sixth data bit d6 to be its output.a2a1a0d7d6d5d4d3d2d1d0OutputWe present this first example in considerable detail in order to show the interplay in the geneticprogramming paradigm of the genetic variation inevitably created in the initial random generation,the small improvements via localized hill-climbing from generation to generation, the wayparticular individuals become specialized and able to correctly handle certain sub-cases of theproblem (case-splitting), the creative role of crossover in recombining valuable parts of more fitparents, and how the nurturing of a large population of disjunctive alternative solutions to theproblem (rather than a single point in the solution space) helps avoid false peaks.We present the Boolean multiplexer problem here first for several reasons. First, the problem hasan easily quantifiable search space. Secondly, it is especially easy to understand how the compo-nents of a Boolean expression contribute to the performance of the overall Boolean expression (incontrast to many of the other problems discussed herein). Third, Boolean problems present fewercomputer implementation problems than the other problems discussed later in this paper. Fourth,the Boolean multiplexer problem has been previously used as a test function in studies of neuralnets (Barto et. al. 1985), classifier systems (Wilson 1987a), and decision trees (Quinlan 1988).The first step in applying the "genetic programming" paradigm to a problem is to select the set offunctions and arguments that will be available to the algorithm for constructing the computer pro-grams (S-expressions) that will try to solve the problem. For some problems (in particular,Boolean function learning problems), this choice is especially straight-forward and obvious.The set of available functions for this problem is F = {AND, OR, NOT, IF}. This set of basiclogical functions is sufficient for any problem involving a Boolean function, and, in addition, is aconvenient set in that it often produces easily understood S-expressions. The AND and OR func-tions take two arguments. The NOT function takes one argument. The IF function is the CommonLISP IF-THEN-ELSE function and takes three arguments. We use this function set for all Booleanproblems described in this paper.The set of available terminals for this problem has 11 elements which correspond to the 11 inputsto the Boolean 11-multiplexer. That is, the terminal set T = {A0, A1, A2, D0, D1, ... , D7}.The potential set of structures undergoing adaptation in this problem is the set of all LISP S-ex-pressions that can be recursively composed from the set of available functions and the set of avail-able terminals.The Boolean multiplexer function with k+2k arguments is one of 2k+2k possible Boolean functionsof k+2k arguments. Thus, the search space for the Boolean multiplexer is of size 2k+2k . Whenk=3, this search space is of size 2211, i.e. 22048 , which is approximately 10616. Every possibleBoolean function of k+2k arguments can be realized by at least one LISP S-expression composedfrom the functions and terminals above. Disjunctive normal form is one such way.

18The environment consists of the 211 possible combinations of the 11 argumentsa0a1a2d0d1d2d3d4d5d6d7 along with the associated correct value of the 11-multiplexer function.For the 11-multiplexer (where k = 3), there are 2048 such combinations of arguments in the envi-ronment. For this particular problem, we use the entire set of 2048 combinations of arguments (i.e.we do not use sampling of the environment).The raw fitness of a LISP S-expression is the sum of the distances (taken over all the environmen-tal cases) between the point returned by the S-expression for a given set of arguments and the cor-rect point. When a Boolean value is returned by an S-expression, this distance is 1 if the returnvalue matches the correct value and is 0 if it does not match. Thus, the sum of the distances over allthe environmental cases is equivalent to the number of mismatches. Thus, the raw fitness of an S-expression can range over 2049 different values between 0 and 2048. A raw fitness of 0 denotes a100% correct individual. Note that whenever the fitness in a particular problem takes on a specificvalue (e.g. 0) for a 100% correct individual, we have a way to recognize attainment of a solution tothe problem.We have found it highly useful to define an auxiliary measure for monitoring the progress of runswhich counts the number of �hits� between an S-expression and the correct value. For this prob-lem, the number of �hits� is simply 2048 minus the raw fitness (mismatches). For problems in-volving integer values discussed later, this auxiliary measure counts the number of �hits� betweenan S-expression and the correct environmental value (whereas the raw fitness is a cumulative dis-tance measure). For real-valued problems discussed later, this auxiliary measure counts the numberof �near hits� for which the S-expression comes within a small specified tolerance (called the"criterion") of the correct environmental value. These �hits� or �near hits� measures are used onlyfor monitoring runs and are not accessible to, or used by, the genetic algorithm for any problemdiscussed herein.We illustrate the overall process by discussing one particular run of the Boolean 11-multiplexer indetail. The process begins with the generation of the initial random population (i.e. generation 0).Predictably, the initial random population includes a variety of highly unfit individuals. Some in-dividual S-expressions involve logical contradictions such as (AND A0 (NOT A0)). Others in-volve inefficiencies such as (OR D7 D7). Some are passive and merely pass an input through asthe output, such as (NOT (NOT A1)). Some of the initial random individuals base their decisionon precisely the wrong arguments (i.e. data bits), such as (IF D0 A0 A2). Most of the initialrandom individuals are partially "blind" in that they do not incorporate all 11 arguments that areknown to be necessary for a solution to the problem. Some S-expressions are just nonsense, suchas (IF (IF (IF D2 D2 D2) D2) D2).Nonetheless, even in this highly unfit initial random population, some individuals are somewhatmore fit than others. For the run in question, the individuals in the initial random population(generation 0) had raw fitness values ranging from 768 mismatches (i.e. 1280 hits) to 1280 mis-matches (i.e. 768 hits). As it happens, a total of 25 individuals out of 4000 tied with the high scoreof 1280 hits on generation 0. One such individual was the S-expression (IF A0 D1 D2). Inspite of its obvious shortcomings (e.g. it is partially blind in that it uses only 3 of the 11 necessaryterminals of the problem), this individual nonetheless does some things right. It uses an address bit(A0) as the basis for its action. In addition, it uses data bits (D1 and D2) as its output. Moreover, ifA0 (which is the low order binary bit of the 3-bit address) is T (True), an odd numbered data bit(D1) is selected, while if A0 is NIL, an even numbered data bit (D2) is selected. This individual isfar from perfect, but, it is more fit than any of the others.The worst individual in the population was (OR (NOT A1) (NOT (IF (AND A2 A0) D7D3))) and had a raw fitness of 1280 (i.e. only 768 hits). The average raw fitness for generation 0is 985.4.The �hits� histogram provides additional details about the population for a particular generation.

19The horizontal axis is the number of hits and the vertical axis is the number of individuals in thepopulation scoring that number of hits. For example, a total of 50 different levels of raw fitness arerepresented in the population at generation 0. 1490 individuals had raw fitness 1152 (the highestscore for generation 0). The figure below shows the histogram of the population for generation 0of this run of this problem.A new population is then created from the current population using the operations of fitness pro-portionate reproduction and crossover. When these operations are completed, the new population(i.e. the new generation) replaces the old population.Starting with generation 1, the average raw fitness of the population immediately begins improving(i.e. decreasing) from the baseline value for generation 0 of 985.4 to about 891. We typically seethis kind of generally improving trend in average raw fitness from generation to generation. As ithappens, in this particular run, the average raw fitness improves monotonically between generation2 and generation 9 and assumes values of 845, 823, 763, 731, 651, 558, 459, and 382.At the same time, we typically see a generally improving trend in the raw fitness of the best indi-vidual in the population from generation to generation. As it happens, in this particular run, theraw fitness (i.e. number of mismatches) of the best single individual in the population improvesmonotonically between generation 2 and generation 9 and assumes values of 640 (i.e. 1408 hits),576, 384, 384, 256, 256, 128, and 0 (i.e. a perfect score of 2048 hits), respectively. On the otherhand, the raw fitness of the worst individual in the population typically fluctuates considerably.For this particular run, this number starts at 1280 and actually deteriorates to 1792 (only 256 hitsout of 2048) by generation 9.The number of hits for the best single individual in the population rises to 1408 for generations 1and 2 of the run. In generation 1, for example, one individual in the population had a score of1408, namely (IF A0 (IF A2 D7 D3) D0). Note that this individual performs better thanthe best individual from generation 0 because it considers two address bits (A0 and A2) in decidingwhich data bit to choose as output and because it incorporates three data bits as its potential output.In contrast, the best individual in generation 0 considered only one address bit (A0) and incorpo-rated only two data bits as potential output. Although still far from perfect, the best individual fromgeneration 1 is less blind and more complex than the best individual of the previous generation.By generation 2, the number of individuals sharing this high score of 1408 hits rose to 21. Thehigh point of the histogram for generation 2 has advanced from 1152 for generation 0 to 1280.There are now 1620 individuals with 1280 hits.In generation 3, one individual in the population attained a new high score of 1472 hits. This indi-vidual is(IF A2 (IF A0 D7 D4) (AND (IF (IF A2 (NOT D5) A0) D3 D2) D2)).Generation 3 shows further advances in fitness for the population as a whole. The number ofindividuals with a fitness of 1280 (the high point for generation 2) has risen to 2158 for generation3. Moreover, the center of gravity of the fitness histogram has shifted from left to right. Inparticular, the number of individuals with fitness 1280 or better has risen from 1679 in generation2 to 2719 in generation 3.

20In generations 4 and 5, the best individual has a score of 1664 hits. This score is attained by oneindividual in generation 4 and by 13 individuals in generation 5. This best individual is(IF A0 (IF A2 D7 D3) (IF A2 D4 (IF A1 D2 (IF A2 D7 D0)))).Note that this individual uses all three address bits (A2, A1, and A0) in deciding upon the output.It also uses five of the eight data bits. By generation 4, the high point of the histogram has movedto 1408 with 1559 individuals.In generation 6, four individuals attain a score of 1792. The high point of the histogram has movedto 1536. In generation 7, 70 individuals attain this score of 1792.In generation 8, four individuals attain a score of 1920. The high point of the histogram has movedto 1664 and 1672 individuals share this value. Moreover, an addition 887 individuals score 1792.In generation 9, one individual emerges with a l00% perfect score of 2048 hits. That individual is(IF A0 (IF A2 (IF A1 D7 (IF A0 D5 D0)) (IF A0 (IF A1 (IF A2 D7 D3) D1) D0)) (IF A2 (IF A1 D6 D4) (IF A2 D4 (IF A1 D2 (IF A2 D7 D0)))))This 100% correct individual is depicted graphically below:A2D7A1IFIFA0D5D0IFA2D7D3A1D1IFA0D0IFIFA2IFA1D6D4IFA2D7D0D2A1IFD4A2IFIFA0IFThus, this 100% correct individual can be simplified (either manually or via the editing operationdescribed later) to(IF A0 (IF A2 (IF A1 D7 D5) (IF A1 D3 D1)) (IF A2 (IF A1 D6 D4) (IF A1 D2 D0))).When so rewritten, it can be seen that this individual correctly performs the 11-multiplexer functionby first examining address bits A0, A2, and A1 and then choosing the appropriate one of the eightpossible data bits.As one progresses from generation 0 through 9, there is a left-to-right �slinky� movement of the�center of mass� of the histogram, the single best individual, and the high point of the histogram.Further insight can be gained by studying the genealogical audit trail of the process. This audit trailconsists of a complete record of the details of each instance of the operations. In the case of the op-erations of fitness proportionate reproduction, and crossover, the details consist of the individ-ual(s) chosen for the operation and the particular point chosen within each such participating indi-vidual(s).

21Construction of the audit trail starts with the individuals of the initial random generation (generation0). Certain additional information such as the individual�s rank location in the population (aftersorting by normalized fitness) and its raw fitness is also carried along as a convenience in interpret-ing the genealogy. Then, as each operation is performed to create a new individual for the nextgeneration, a list is recursively formed consisting of the operation performed, the individual(s)participating in the operation, the details of that operation, and, finally, a pointer to the audit trail(s)accumulated so far for the individual(s) participating in that operation.An individual occurring at generation h has up to 2h+1 ancestors. The number of ancestors is lessthan 2h+1 to the extent that operations other than crossover are involved; however, crossover is, byfar, the most frequent operation. For example, an individual occurring at generation 9 has up to1024 ancestors. Note that a particular ancestor often appears more than once in this genealogy be-cause all selections of individuals to participate in the basic genetic operations are skewed in pro-portion to fitness. Moreover, even for a modest sized value of h, 2h+1 will typically be greater thanthe population size. This repetition, of course, does nothing to reduce the size of the genealogicaltree.Even with the use of pointers from descendants back to ancestors, construction of a complete ge-nealogical audit trail is exponentially expensive in both computer time and memory space. Note thatthe audit trail must be constructed for each individual of each generation because the identity of thel00% correct individual(s) eventually solving the problem is not known in advance. Thus, there are4000 audit trails. By generation 9, each of these 4000 audit trails recursively incorporatesinformation about operations involving up to 1024 ancestors. In order to minimize the size of theaudit trail (which depends on the number of generations involved), we selected a relatively largepopulation (i.e. 4000) so as to force down the number of generations needed to produce a 100%correct individual. The audit trail for the single individual of interest in generation 9 alone occupiesabout 27 densely-printed pages.The creative role of crossover and case-splitting is illustrated by an examination of the genealogicalaudit trail for the l00% correct individual emerging at generation 9.The l00% correct individual emerging at generation 9 is the child resulting from the most commongenetic operation used in the process, namely crossover. The male parent from generation 8 hadrank location of 58 (out of 4000) in the population and scored 1792 hits (out of 2048). The femaleparent from generation 8 had rank location 1 and scored 1920 hits. Note that it is entirely typicalthat the individuals selected to participate in crossover had relatively good rank locations in thepopulation since crossover is performed among individuals in a mating pool created using fitnessproportionate reproduction.The male parent from generation 8 (scoring 1792) was(IF A0 (IF A2 D7 D3) (IF A2 (IF A1 D6 D4) (IF A2 D4 (IF A1 D2 (IF A2 D7 D0)))))).The male parent is shown below:

22IFA0IFA 2 D 7 D 3 A2IFIFA1D6D4IFA2D4IFA1D2IFA2D7D0Note that this male parent starts by examining address bit A0. If A0 is T, the emboldened andunderlined portion then examines address bit A2, and, partially blindly, makes the output equal D7or D3 without even considering address bit A1. Moreover, the underlined portion of this individualdoes not even contain data bits D1 and D5. On the other hand, when A0 is NIL, this individual is100% correct. In that case, it examines A2 and, if A2 is T, it then examines A1 and makes theoutput equal to D6 or D4 according to whether A1 is T or NIL. Moreover, if A2 is NIL, it twiceretests A2 (unnecessarily, but harmlessly) and then correctly makes the output equal to (IF A1D2 D0). In other words, this imperfect individual handles part of its environment correctly andpart of its environment incorrectly. In particular, this father correctly handles the even-numbereddata bits and often incorrectly handles the odd-numbered data bits.The tree representing this male parent has 22 points. The crossover point was chosen at the secondoccurrence of the function IF. That is, the crossover fragment consists of the incorrect, underlinedsub-expression (IF A2 D7 D3).The female parent from generation 8 (scoring 1920) was(IF A0 (IF A0 (IF A2 (IF A1 D7 (IF A0 D5 D0)) (IF A0 (IF A1 (IF A2 D7 D3) D1) D0)) (IF A1 D6 D4)) (IF A2 D4 (IF A1 D2 (IF A0 D7 (IF A2 D4 D0))))))The female parent from generation 8 is shown below:

23IFIFA 0 D 5 D 0 D 7 A 1 IFIFA 2 D 7 D 3 D 1 A 1 IFA 0 D 0 IFA 2 IFIFA1D6D4A0IFA2D4D0D7A0IFD2A1IFD4A2IFA0IFThe tree representing this female parent has 40 points. The crossover point was chosen at the thirdoccurrence of the function IF. That is, the crossover fragment consists of the emboldened andunderlined sub-expression. This sub-expression correctly handles the case when A0 it T bymaking the output equal to D7 when the address bits are 111, by making the output equal to D5when the address bits are 101, by making the output equal to D3 when the address bits are 011,and by making the output equal to D1 when the address bits are 001. This female parent does notcorrectly do as well when A0 is NIL. In other words, this mother correctly handles the odd-numbered data bits and incorrectly handles the even-numbered data bits.Thus, these two imperfect individuals contain complementary, co-adapted portions which, whenmated together, produce a 100% correct offspring individual. In effect, the creative effect of thecrossover operation blended the two "cases" of the implicitly "case-split" environment into a single100% correct solution.Of course, not all such combinations of individuals that correctly handle groups of cases from theenvironment are useful and productive. In fact, a large fraction of the individuals produced by thegenetic operations are useless. But the existence of a population of alternative disjunctive solutionsto a problem provides the ingredients with which genetic recombination (crossover) can producesome improved individuals. The relentless pressure of natural selection based on fitness thencauses these improved individuals to be preserved and to proliferate. Moreover, genetic variationand the existence of a population of alternative disjunctive solutions to a problem prevents the en-tire process from being trapped on local maxima.Interestingly, the same crossover that produced the 100% correct individual also produced a "runt"scoring only 256 hits. In this particular crossover, the two crossover fragments not used in the100% correct individual combined to produce an unusually unfit individual. This is one of thereasons why there is considerable variability from generation to generation in the worst singleindividual in the population whereas there usually is a generally monotonic improvement, fromgeneration to generation, in both the best single individual in the population and the average fitnessof the population.As one traces the ancestry of the 100% correct created individual in generation 9 deeper back intothe genealogical audit tree (i.e. towards earlier generations), one encounters parents scoringgenerally fewer and fewer hits. That is, one encounters more S-expressions that perform irrele-vant, counterproductive, partially blind, and incorrect work. But if we look at the sequence of

24"hits" in the forwards direction, we see localized hill-climbing in the search space occurring inparallel throughout the population as the creative operation of crossover recombinescomplementary, co-adapted portions of parents to produce improved offspring.4.1.2 THE BOOLEAN 6-MULTIPLEXER AND 3-MULTIPLEXER FUNCTIONSWe have also applied the genetic programming paradigm to the simple Boolean 6-multiplexer and3-multiplexer. For example, in one run (Koza 1989), we obtained the following 100% correctsolution of the Boolean 6-multiplexer problem:(IF (AND A0 A1) D3 (IF A0 D1 (IF Al D2 D0))).Note that the result of the genetic programming paradigm is always inherently hierarchical. In addi-tion, default hierarchies often emerge from the genetic programming paradigm. Default hierarchiesincorporate partially correct sub-rules into a perfect overall procedure by allowing the partially cor-rect sub-rules to handle the majority of the cases and by then dealing another way with certain spe-cific cases. This solution is a default hierarchy. In this expression, the output defaults to (IF A0D1 (IF Al D2 D0)); however, in the specific case when both address bits of the 6-multiplexer problem are 11, the output is the data bit D3. Default hierarchies are considereddesirable in induction problems and classifier systems (Goldberg 1989, Holland 1986, Holland et.al. 1986) because they are often parsimonious and they are a human-like way of dealing withsituations. Wilson�s noteworthy BOOLE experiments (1987) originally found a set of eight if-thenclassifier system rules for the Boolean 6-multiplexer that correctly (but exhaustively) handled eachparticular subcase of the problem. Subsequently, Wilson (1988) modified the credit allocationalgorithm of Holland’s classifier system and successfully produced a default hierarchy that moreparsimoniously solved the problem. Such default hierarchies often emerge from the geneticprogramming paradigm.In addition, we tried the 6-multiplexer function with the IF function deleted from the function set.That is, the function set was F = {AND, OR, NOT}. In one run, we obtained the following 100%correct solution:(AND (OR A0 (OR D2 (NOT A1))) (OR (AND (AND (OR (AND (OR D0 A0) D1) A1) D3) D3) (AND (OR (AND D1 (NOT A1)) (NOT (AND A0 A0))) (OR (AND D0 (NOT (OR A0 (OR A1 (AND (OR (AND (OR (AND A0A0) A1) D1) A1) D1))))) (OR A1 (AND (OR (AND A0 A0) A1) D1)))))).Finally, we tried the 3-multiplexer function, which is equivalent to the simple IF (i.e. if-then-else)function with the function set F = {AND, OR, NOT}. In one run, we obtained the following100% correct solution:(OR (AND (AND D0 D0) (NOT A0)) (AND D1 (AND D1 (OR D0 A0)))),which is, in disjunctive normal form, equivalent to(OR (AND (NOT A0) D0) (AND A0 D1)))).4.1.3 NON-RANDOMNESS OF THESE RESULTSThe number of possible compositions of the available set of functions and terminals is very large.In particular, the number of possible trees representing these compositions of functions increasesrapidly as a function of the number of points in the tree. This is true because of the large number ofways of labeling the points of a tree with functions and terminals. The number of possiblecompositions of functions is very large in relation to the 40,000 individuals processed ingenerations 0 through 9 involved in the run above.There is a theoretic possibility that the probability of a solution to a given problem may be low inthe original search space of the 11-multiplexer problem (i.e. all Boolean functions of 11

25arguments), but that the probability of randomly generating a composition of functions that solvesthe problem might be significantly higher in the space of randomly generated compositions offunctions. The Boolean 11-multiplexer function is a unique function out of the 2211 (i.e. 22048)possible Boolean functions of 11 arguments and one output. The probability of randomly choosingzeroes and ones for the 211 lines of a truth table so as to create this particular Boolean function isonly 1 in 2211 (i.e. 22048). However, there is a theoretic possibility that the probability ofrandomly generating a composition of the functions AND, OR, NOT, and IF that performs the 11-multiplexer function might be higher than 1 in 22048.There is no a priori reason to believe that this is the case. That is, there is no a priori reason tobelieve that compositions of functions that solve the Boolean multiplexer problem (or any of theother problems discussed in this paper) are denser in the space of randomly generatedcompositions of functions than solutions to the problem in the original search space of theproblem. Nonetheless, there is a possibility that this is the case even though there is no a priorireason to think that it is the case.To test against this possibility, we performed the following control experiment for the Boolean 11-multiplexer problem. We generated 1,000,000 random S-expressions to check if we couldrandomly generate a composition of functions that solved the problem. For this control experiment,we used the same algorithm and parameters used to generate the initial random population in thenormal runs of the problem. No 100% correct individual was found in this random search. In fact,the high score in this random search was only 1408 hits (out of a possible 2048 hits) and the lowscore was 704 hits. Moreover, only 10 individuals out of 1,000,000 achieved this high score of1408. The high point of the histogram distribution of hits among these 1,000,000 randomindividuals came at 1152 hits (with l83,820 individuals); the second highest point came at 896 hits(with 168,333 individuals); and the third highest point came at 1024 hits (with 135,379individuals).A similar control experiment was conducted for the Boolean 6-multiplexer problem (with a searchspace of 226, i.e. 264). Since the environment for the 6-mutliplexer problem had only 64 environ-mental cases (as compared with 2048 cases for the 11-multiplexer), it was practical to evaluateeven more randomly generated individuals (i.e. 10,000,000) in this control experiment. As before,no 100% correct individual was found in this random search. In fact, no individual had more than52 (of 64 possible) hits. As with the 11-multiplexer, the size of the search space (264) for the 6-mutliplexer is very large in relation to the number of individuals that are processed in a typical runsolving the 6-mutliplexer problem.Additional control experiments involving between 1,000,000 and 20,000,000 individuals eachwere run on almost all of the other problems described in this paper without ever encountering any100% correct solutions.We conclude that solutions to the problems in the space of randomly generated compositions offunctions are not denser than solutions in the original search space of the problem. Therefore, weconclude that the results described in this paper are not the fruits of random search.As a matter of fact, we have evidence suggesting that the solutions to at least some of the problemsdescribed in this paper are appreciably sparser in the space of randomly generated compositions offunctions than solutions in the original search space of the problem.Consider, for example, the exclusive-or function. The exclusive-or function is the parity functionwith two Boolean arguments. The parity function of k Boolean arguments returns 1 if the numberof arguments equal to 1 is odd and returns 0 otherwise. Whereas there are 264 Boolean functionswith 6 arguments and 22048 Boolean functions with 11 arguments, there are only 16 (i.e. 222 =24)Boolean functions with two Boolean arguments. That is, the exclusive-or function is one of only16 possible Boolean functions with two Boolean arguments and one output. Thus, in the search

26space of Boolean functions, the probability of randomly choosing zeroes and ones for the 16 (i.e.222 =24) lines of a truth table that realizes this particular Boolean function is only 1 in 16.We generated 100,000 random individuals using a function set consisting of the basic Booleanfunctions F = {AND, OR, NOT}. If randomly generated compositions of the basic Booleanfunctions that realize the exclusive-or function were as dense as solutions are in the original searchspace of the problem (i.e. the space of Boolean functions of 2 arguments), we would expect aboutabout 6250 in 100,000 random compositions of functions (i.e. 1 in 16) to realize the exclusive-orfunction. Instead, we found that only 110 out of 100,000 randomly generated compositions thatrealized the exclusive-or function. This is a frequency of only 1 in 909 compared to the expectedfrequency of 1 in 16. In other words, randomly generated compositions of functions realizing theexclusive-or function are about 57 times sparser than solutions in the original search space ofBoolean functions.Similarly, we generated an additional 100,000 random individuals using a function set consistingof the basic Boolean functions F = {AND, OR, NOT, IF}. We found that only 116 out of 100,000randomly generated compositions realized the exclusive-or function (i.e. a frequency of 1 in 862).That is, with this new function set, randomly generated compositions of functions realizing theexclusive-or problem are still about 54 times sparser than solutions in the original search space ofBoolean functions.In addition, we performed similar experiments on two Boolean functions with three Booleanarguments, namely, the 3-parity function and the 3-multiplexer function (i.e. the If-Then-Elsefunction). There are only 223 (i.e. 28 = 256) Boolean functions with three Boolean arguments. Wefound no randomly generated composition of functions out of 3,000,000 random compositions ofthe functions AND, OR, and NOT that realized either the 3-parity function or the 3-multiplexerfunction. If the probability of randomly generating a composition of functions realizing either ofthese two problems was as high as the probability of randomly choosing zeroes and ones for the28 lines of a truth table (i.e. 1 in 256), we would have expected about 11,719 randomcompositions out of 3,000,000 to realize both of these Boolean functions with three arguments.These three results concerning the exclusive-or function (i.e. the 2-parity functions), the 3-parityfunction, and the 3-multiplexer functions should not be too surprising since the parity andmultiplexer functions have long been identified by researchers as functions that often posedifficulties for paradigms for machine learning, artificial intelligence, neural nets, and classifiersystems. This well-recognized difficulty is the reason why the parity and multiplexer functions(with various number of arguments) are often used as benchmark functions in studies of paradigmsfor machine learning, artificial intelligence, neural nets, and classifier systems.In summary, as to these three benchmark Boolean functions, compositions of functions solving theproblem are substantially less dense than solutions are in the search space of the original problem.The reader would do well to remember the origin of the concern that compositions of functionssolving a problem might be denser than solutions to the problem are in the search space of originalproblem. In Lenat’s work on discovering mathematical laws via heuristic search (1976) and otherrelated work (Lenat 1983), the mathematical laws being sought were stated, in many cases, directlyin terms of the list, i.e. the primitive data type of the LISP programming language. In addition, thelists in Lenat’s artificial mathematical (AM) laws were manipulated by list manipulation functionsthat are unique or peculiar to LISP. Specifically, in many experiments in Lenat (1976), themathematical laws sought were stated directly in terms of lists and list manipulation functions suchas, CAR (which returns the first element of a list), CDR (which returns the tail of a list), etc. InLenat’s mea culpa article "Why AM and EURISKO appear to work" (Lenat and Brown 1984),Lenat recognized that LISP syntax may have overly facilitated discovery of his previously reportedresults, namely, mathematical laws stated in terms of LISP’s list manipulation functions andLISP’s primitive object (i.e. the list).

27In contrast, the problems described in this paper are neither stated nor solved in terms of objects oroperators unique or peculiar to LISP. The solution to the Boolean multiplexer function is expressedin terms of ordinary Boolean functions (such as OR, AND, NOT, and IF). The solutions to thenumerical problems discussed herein (such as symbolic regression, broom balancing) areexpressed in terms of the ordinary arithmetic operations (such as addition, subtraction,multiplication, and division). The solutions to the planning problems (such as block stacking) areexpressed in terms of ordinary iteration operations and various domain-specific robotic actions(such as robotic actions that move a block from one place to another). Virtually any programminglanguage could be used to express the solutions to these problems. As previously discussed, theLISP programming language was chosen for the work reported in this paper primarily because ofthe many convenient features of LISP (notably the fact that data and programs have the same formin LISP and that this common form corresponds to the parse tree of a computer program) and themany convenient features of available implementations of LISP (notably the ease with whichcomputer programs can be manipulated as data and then immediately executed). The LISPprogramming language was not chosen because of the presence in LISP of the list as a primitivedata type or because of LISP’s functions for manipulating lists. In fact, neither lists nor listmanipulation functions are involved in any of the problems described in this paper (except in theirrelevant and indirect sense that the LISP programming language uses lists to do things, unseen bythe user, that other programming languages do in different ways). The parse tree that LISP makesconveniently available to us for manipulation is the same parse tree that other programminglanguages construct internally at the time of compilation. This parse tree is nothing more than adirect mapping of the given composition of functions (i.e. the given computer program). We needaccess to this parse tree to do crossover in the way we want to do it (namely, on sub-parts ofcomputer programs). The LISP programming language gives us this convenient access the parsetree, the ability to conveniently manipulate this program as if it were data, and the convenientability to immediately execute a newly created parse tree.In summary, there is no a priori reason (nor any reason we have since discovered) to think thatthere is anything about the syntax of the programming language we chose to use here (i.e. LISP)that makes it easier to discover solutions to problems involving ordinary (i.e. non-list) objects andordinary (i.e. non-list) functions. In addition, the control experiments verify that the resultsobtained herein are not the fruits of a random search.4 . 2 . PLANNINGPlanning in artificial intelligence and robotics requires finding a plan that receives information fromsensors about the state of the various objects in a system and then uses that information to select asequence of actions to change the state of the objects in that system.4.2.1. BLOCK STACKINGNilsson (1988a) has presented a robotic action network that solves a planning problem, describedto Nilsson (1988b) by Ginsberg, involving rearranging uniquely labeled blocks in various towersfrom an arbitrary initial arrangement into an arbitrary specified new order on a single target tower.In the version of the problem involving 9 blocks, the blocks are labeled with the 9 different lettersof "FRUITCAKE" or "UNIVERSAL." In the experiment here, the goal is to automaticallygenerate a plan (Nilsson 1980) that solves this problem.This problem is typical of many problems in artificial intelligence in that it is primarily symbolic.This problem illustrates the technique of associating LISP variable atoms with the state variables ofa problem and of using functions to cause side effects altering the state of a system. This problemis also typical of computer programs in general in that an iterative operator DU ("Do Until") isused in the solution of the problem. In the discussion below, we follow the formulation of theproblem and the specific lists, sensors, and functions described by Nilsson, although, there existmany equivalent and alternative versions of this problem.Three lists are involved in the formulation of the problem. The GOAL-LIST is the ordered set

28specifying the desired final order in which the blocks are to be stacked in the target tower (i.e."UNIVERSAL"). The STACK is the ordered set of blocks that are currently in the target tower(where the order is important). The TABLE is the set of blocks that are currently not in the targettower (where the order is not important). The initial configuration consists of certain blocks in theSTACK and the remaining blocks on the TABLE. The desired final configuration consists of allthe blocks being in the STACK in the order specified by GOAL-LIST and no blocks being on theTABLE .Three sensors dynamically track the system in the formulation of the problem as presented byNilsson and Ginsberg. The sensor TB (�Top correct Block�) dynamically specifies the CAR (i.e.first element) of the list which is the longest CDR (i.e. list of remaining elements) of the listSTACK that matches a CDR of GOAL-LIST. The sensor NN (�Next Needed�) dynamically spec-ifies the next needed block for the STACK (i.e. the immediate predecessor of TB in GOAL-LIST).The sensor CS dynamically specifies the CAR of the STACK (i.e. the top block of the STACK).Thus, the set of terminals available for solving this problem is T = {TB, NN, CS}. Each of theseterminals is a variable atom that may assume, as its value, one of the 9 block labels or NIL.The combined set of functions available for solving the problem here contains 5 functions F ={MS, MT, DU, NOT, EQ}. The functions NOT and EQ are the usual Boolean Common LISPnegation and equality functions. The other three functions are described below.The function MS (�Move to the Stack�) has one argument. The S-expression (MS X) moves blockX to the top of the STACK if X is on the TABLE. This function MS does nothing if X is alreadyon the STACK, if the table is empty, or if X itself is NIL. Both this function and the function MTdescribed below returns NIL if they do nothing and T if they do something; however, their realfunctionality is their side effects on the STACK and TABLE, not their return values.The function MT (�Move to the Table�) has one argument. The S-expression (MT X) moves thetop item of the STACK to the TABLE if the STACK contains X anywhere in the STACK. Thisfunction MT does nothing if X is on the TABLE, if the STACK is empty, or if X itself is NIL.The iterative operator DU ("Do Until") has two arguments. The S-expression (DU WORKPREDICATE) iteratively does the WORK until the PREDICATE becomes satisfied (i.e. becomesT). The DU operator is similar to the �REPEAT...UNTIL� loop found in many programming lan-guages. Note that the WORK and PREDICATE arguments are not evaluated outside the iterativeDU operator and then passed to the DU operator when the DU operator is called. Instead, these ar-guments must be evaluated dynamically inside the DU operator on each iteration. First, the WORKis evaluated inside the DU operator. Then the PREDICATE is evaluated inside the DU operator.These two separate evaluations are performed, in sequence, using the LISP function EVAL insidethe DU operator. Note that in an iterative construction, the execution of the WORK will almost al-ways change some variable that will then be tested by PREDICATE. Indeed, that is usually thepurpose of the loop. Thus, it is important to suppress premature evaluation of the WORK andPREDICATE arguments of the DU operator. The evaluation of arguments to the other iterative andsummation operators described elsewhere in this article must be similarly postponed. Although notused in this problem, the iterative function DU, in general, has an indexing variable II which is up-dated for each iteration.Because the genetic programming paradigm described herein involves executing randomly gener-ated computer programs, a number of computer implementation issues must be addressed. In par-ticular, individual S-expressions in the genetic population will often contain an unsatisfiable termi-nation predicate. Thus, it is a practical necessity (when working on a serial computer) to place alimit on the number of iterations allowed by any one execution of a DU operator. Moreover, sincethe individual S-expressions in the genetic population often contain complicated and deep nestingsof numerous DU operators, a similar limit must be placed on the total number of iterations allowedfor all DU functions that may be evaluated in the process of evaluating any one individual S-ex-pression for any particular environmental case. Thus, the termination predicate of each DU opera-

29tor is actually an implicit disjunction of the explicit predicate argument PREDICATE and two addi-tional implicit termination predicates. The typical "time out" limits that we have used are that theDU operator "times out" if there have been more than 25 iterations for an evaluation of a single DUoperator or if there have been a total of more than 100 iterations for all DU operators that are eval-uated for a particular individual S-expression for a particular environmental case. Of course, if wecould execute all the individual LISP S-expressions in parallel (as nature does) so that the infeasi-bility of one individual in the population does not bring the entire process to a halt, we would notneed these limits. Note that even when a DU operator times out, it nevertheless returns a value. Inparticular, the DU operator evaluates to T unless one of the two implicit termination predicatestimes out. The value resulting from this evaluation of the DU operator is, of course, in addition tothe side effects of the DU function on the state variables of the system (particularly the STACK andTABLE in the block-stacking problem). If the predicate of a DU operator is satisfied when the op-erator is first called, then the DU operator does no work at all and simply returns a T.Note that the fact that each function returns some value under all conditions (in addition to what-ever side effects it has on the STACK and TABLE) and the inherent flexibility of the LISP lan-guage guarantee that every possible individual S-expression can be executed and evaluated for anycomposition of functions and arguments that may arise.The environment consists of millions of different environmental cases of N blocks distributedbetween the STACK and the TABLE. The raw fitness of a particular individual plan in thepopulation is the number of environmental cases for which the particular plan produces the desiredfinal configuration of blocks after the plan is executed.The computation of fitness in this problem (and, indeed, in many genetic algorithm and adaptivesystems problems) can be significantly shortened by consolidating various inherently similar initialconfigurations or by sampling. In particular, if there are N blocks, there are N+1 cases in whichthe blocks, if any, in the initial STACK are all in the correct order and in which there are no out-of-order blocks on top of the correctly-ordered blocks in the initial STACK. There are also N-1 addi-tional cases where there is precisely one out-of-order block in the initial STACK on top of what-ever number of correctly-ordered blocks, if any, happen to be in the initial STACK. There areadditional initial cases with more than one out-of-order blocks in the initial STACK on top of vari-ous number of correctly-ordered blocks in the initial STACK. In lieu of an environment of up toseveral million environmental cases, we constructed an environment consisting of (1) the l0 caseswhere the 0-9 blocks in the STACK are already in correct order, (2) the 8 cases where there isprecisely one out-of-order block in the initial STACK on top of whatever number of correctly-ordered blocks, if any, happen to be in the initial STACK, and (3) a structured random sampling of148 additional environmental cases with 0, 1, 2, ...,8 correctly-ordered blocks in the initialSTACK and various random numbers 2, 3, 4, ... out-of-order blocks on top of the correctly-ordered blocks. The complete structured random sampling used for this problem contained a totalof 166 environmental cases so that raw fitness ranged over 167 values between 0 and 166.Obviously, this consolidation and sampling process must be done with some care so that theprocess is not misled into producing solutions that correctly handle the smaller environment and donot correctly handle the entire environment.4.2.2. CORRECTLY STACKING BLOCKSThe first version of the block-stacking problem involves finding a general plan which can correctlystack the 9 blocks onto the STACK in the desired order after starting with any of the 166environmental cases. Each plan is executed (evaluated) once for each of the 166 environmentalcases.The initial random population of plans has predictably low fitness. Many of these initial randomplans were complicated, inefficient, pointless, or counter-productive. Typical random initial plansare plans such as (EQ (MT CS) NN) and (MS TB). This first plan unconditionally moves the topof the STACK to the TABLE and then performs the useless Boolean comparison between the sen-sor value NN and the return value of the MT function. The second plan (MS TB) futilely attempts

30to move the block TB (which already is in the STACK) from the TABLE to the STACK. Manyinitial random plans are so ill-formed that they perform no action at all on the STACK and theTABLE. Since these leave untouched the one environmental case consisting of an already perfectlyarranged, these plans achieve a raw fitness level of 1 (out of a maximum of 166) . Many otherinitial random plans are even more unfit and even disrupt a perfectly arranged initial STACK.These plans achieve a fitness level of 0. Some initial random plans achieve modest fitness levelssuch as 2, 3 or 4, because they contain particular specific action sequences that happen to work ona specific small number of the environmental cases. For example, the plan (EQ (MS NN) (EQ(MS NN) (MS NN))) moves the next needed block (NN) from the TABLE to the STACK threetimes. This plan works in the 4 particular specific environmental cases where the initial STACKconsists of 6, 7, 8, or 9 correct blocks and no out-of-order blocks.In one run, an individual plan emerged in generation 5 that correctly handled 10 of the 166environmental cases. This plan correctly handles the 10 cases in group (1) above where the blocks,if any, initially on the STACK happen to already be in the correct order and in where there are noout-of-order blocks on top of these correctly-ordered blocks. The plan (DU (MS NN) (NOTNN)) uses the iterative operator DU to iteratively do the work (MS NN) of moving the neededblock onto the STACK from the TABLE until the predicate (NOT NN) is satisfied. This predicateis satisfied when there are no more blocks needed to finish the STACK (i.e. the "next needed"sensor NN is NIL). This plan, of course, does not produce a correct final STACK if any blockinitially on the STACK was incorrect. The figure below shows this partially correct plan moving 5needed blocks (E, V, N, I, and U) to a STACK already containing R, S, A, and L in correct order.LASRVIUNEAlthough this plan performs incorrectly in 156 of the 166 environment cases, it will prove to be bea useful "building block" in the final 100% correct plan.As additional generations are run, the performance of the best single individual plan in thepopulation typically increases somewhat from generation to generation and correctly deals with afew more additional cases in the environment. At the same time, the overall average fitness of thepopulation also tends to increase somewhat from generation to generation as the population beginsto contain additional higher scoring plans. In one run, the best individual in the population ingeneration 10 achieved a perfect score (that is, the plan produced the desired final configuration ofblocks in the STACK for 100% of the initial environmental cases). This 100% correct plan(EQ (DU (MT CS) (NOT CS)) (DU (MS NN) (NOT NN))).is depicted graphically below:

31EQNNMSNNNOTDUCSNOTDUMTCSThis plan consists of two sub-plans which are connected via the function EQ (which is merelyserving as a connective). The first sub-plan (DU (MT CS) (NOT CS)) iteratively does thework of moving CS (i.e. the top of the STACK) to the TABLE until the predicate (NOT CS)becomes T (i.e. the top of the STACK becomes NIL). The second sub-plan does the work ofiteratively moving the next needed block NN to the STACK until there is no remaining next neededblock NN.Notice that the previously discovered, partially correct plan (DU (MS NN) (NOT NN))became incorporated as a subplan into the final 100% correct solution. This subplan became part ofa hierarchy created as a result of crossover applied in proportion to fitness.4.2.3. EFFICIENTLY STACKING BLOCKSThe particular 100% correct solution discovered above was typical of the vast majority of plansgenerated in that it inefficiently removed all the blocks from the STACK (even if they were alreadyin the correct order) and then moved the blocks, one by one, from the TABLE to the STACK. Asa result, this plan used 2319 block movements to handle the 166 environmental cases. The mostefficient way to solve this problem, in terms of minimizing total block movements, is to removeonly the out-of-order blocks from the STACK and to then move the next needed blocks to theSTACK. As it happens, only 1641 block movements are required over the 166 environmentalcases if the most efficient approach is used.We can simultaneously breed the population for two attributes at once. In particular, we canspecifically breed a population of plans to stack blocks for both correctness and efficiency by usinga combined fitness measure that assigns a majority of the weight (say 75%) to correctness and aminority of weight (say 25% ) to a secondary attribute (i.e. efficiency).In one run, for example, the best individual from the initial random population (generation 0) per-formed correctly in only l of the 166 environmental cases and involved a total of 6590 blockmovements. However, by generation 11, the best individual in the population was(DU (EQ (DU (MT CS) (EQ CS TB)) (DU (MS NN) (NOT NN))) (NOT NN))This plan is l00% correct and 100% efficient in terms of total block movements. It uses the mini-mum number (1641) of block movements to correctly handle all 166 environmental cases. Thisplan is graphically depicted below:

32NOTDUEQNNEQCSTBMTCSDUNNMSNNNOTDUIn this plan, the sub-plan (DU (MT CS) (EQ CS TB)) iteratively moves CS (the top block) ofthe STACK to the TABLE until the predicate (EQ CS TB) becomes satisfied. This predicatebecomes satisfied when CS (the top of the stack) equals TB (top correct block in the STACK).The figure below shows the out-of-order blocks (I and V) being moved to the TABLE from theSTACK until R becomes the top of the STACK. When R is the top of the STACK, CS equals TB.LASRVIUNEThen, the previously discovered second sub-plan (DU (MS NN) (NOT NN)) iteratively movesthe next needed blocks (NN) to the STACK until there is no longer any next needed block.Notice that the function EQ serves only as a connective between the two sub-plans. Notice also thatthe outermost DU function performs no function (but does no harm) since the predicate (NOTNN) is satisfied at the same time as the identical predicate of the second sub-plan. In that regard,the functionless elements are similar to the approximately 99% of nucleotide bases (out ofapproximately 2.87 billion) in a molecule of human deoxyribonucleic acid that never get expressedinto protein.4.2.4. A PARSIMONIOUS EXPRESSION FOR STACKING BLOCKSThe particular solution discovered above is 100% correct and 100% efficient, but there are 15points in the tree corresponding to the S-expression. By including parsimony in the fitnessfunction with 25% weight (in addition to correctness with 75% weight), we bred the population forparsimony and correctness and obtained the following S-expression consisting of only 12 points:(EQ (DU (MT CS) (EQ CS TB)) (DU (MS NN) (NOT NN))).

334.2.5. ARTIFICIAL ANT - TRAVERSING THE JOHN MUIR TRAILJefferson, Collins et. al. (1990) have devised a complex task for an �artificial ant� attempting totraverse a trail and produced a noteworthy solution in the form of both a finite state automaton anda multi-layer recurrent neural net for directing the ant�s motions.The setting for the problem, as defined by Jefferson, Collins et. al., is a square 32 by 32 grid con-taining stones in 89 of the 1024 cells and nothing in the remaining cells. The �John Muir� trail is awinding trail of stones with single missing stones, double missing stones, a missing stone at somecorners, double missing stones at some corners (knight moves), and triple missing stones at somecorners (long knight moves). The "Santa Fe" trail (devised by Doyne Farmer) is a somewhat morecomplicated trail with these same features.The �artificial ant� begins at the cell identified by the coordinates (0,0) and is facing in a particulardirection (e.g. east) at the beginning of the trail. The artificial ant has a sensor that can see only thesingle adjacent cell in the direction the ant is currently facing. At each time step, the ant has thecapacity to execute any of four operations, namely, to move forward in the direction it is facing, toturn right (and not move), to turn left (and not move), or to do nothing. The grid is toroidal so thatif the ant moves off the edge of the grid, it reappears and continues on the opposite edge. Theobjective of the ant is to traverse the entire trail. As the ant moves into a particular cell with a stone,that stone is credited to the ant�s account and the cell is then converted into a blank cell so that it isnot counted again. The ant�s score is measured by the total number of stones it finds within acertain time limit (200 for Jefferson, Collins et. al.).Start1080403020425058896070Jefferson, Collins et. al. started by assuming that the finite automaton necessary to solve theproblem would have 32 or fewer states. They then represented an individual in their population ofautomata by a binary string representing the state transition diagram (and its initial state) of theindividual automaton. The ant�s sensory input at each time step was coded as one bit and the outputat each time step was coded as two bits (for the four possible operations). The next state of theautomaton was coded with 5 bits. The complete behavior of an automaton could thus be specified

34with a genome consisting of a binary string with 453 bits (64 substrings of length 7 representingthe state transitions plus 5 additional bits representing the initial state of the automaton). The finiteautomaton was executed at each time step. They then processed a population of 65,536 individualbit strings of length 453 on the Connection Machine using a genetic algorithm using crossover andmutation operating on a selected (relatively small) fraction of the population. After 200 generationsin a particular run (taking about 10 hours on the Connection Machine), Jefferson, Collins et. al.reported that a single individual in the population emerged which attained a perfect score of 89stones. As it happened, this single individual completed the task in exactly 200 operations.Jefferson, Collins et. al. were similarly successful in discovering a multi-layer recurrent neural netfor this task. In that effort, they assumed that the neural net necessary to solve the problem wouldhave two processing units in the input layer (representing the two possible sensory inputs of theant), five processing units with 7 inputs each in the hidden layer, and four processing units with 7inputs each in the output layer (for the four possible operations). The genome for encoding theneural net contained 520 bits representing the weights associated with the inputs, the thresholds,and the initial activation levels of the processing units.In our approach to this task using the genetic programming paradigm, the function set consisted ofthe functions F = {IF-SENSOR, PROGN}. The IF-SENSOR function has two arguments andevaluates the first argument if the ant�s sensor senses a stone or, otherwise, evaluates the secondargument. The PROGN function is the Common LISP connective function that sequentiallyevaluates (executes) its arguments as a �program.�The terminal set T = {ADVANCE, TURN-RIGHT, TURN-LEFT} consists of three "functions"that have no arguments and operate via their side effects on the ant�s state (i.e. the ant’s position onthe grid or the ant’s facing direction). Notice that it would have been equally acceptable to placethese three "terminals" in the function set F (each with zero arguments) rather than in the terminalset T.Notice that IF-SENSOR, ADVANCE, TURN-RIGHT, and TURN-LEFT correspond directly tothe operators defined and used by Jefferson, Collins et. al. The "John Muir" trail was used first.We allowed 400 time steps before timing out.The randomly generated individuals for generation 0 were, as usual, highly unfit in performing thetask. Many of the individuals were blind in that they did not even consult the ant’s sensor to decidewhat to do next. In several runs, the best randomly generated individual was an individual such as(IF-SENSOR (ADVANCE) (TURN-RIGHT)), (IF-SENSOR (ADVANCE) (TURN-LEFT)), orthe equivalent. These individuals scored 42 stones (out of a possible 89). These individuals cansuccessfully handle both right and left turns in the trail provided that a stone is not missing at thepoint where the trail turns. Thus, they score 42 stones, but no more, because a stone is missingwhere the trail turns (in the upper right area of the trail) and the ant languishes at that point (thestone behind it having been erased at time step 41).In one run (involving our usual population size of 300 individuals), an individual scoring 89 out of89 emerged on the 7th generation, namely,(IF-SENSOR (ADVANCE) (PROGN (TURN-RIGHT) (IF-SENSOR (ADVANCE) (TURN-LEFT)) (PROGN (TURN-LEFT) (IF-SENSOR (ADVANCE) (TURN-RIGHT)) (ADVANCE)))).This plan is graphically depicted below:

35IF-SENSORIF-SENSORADVANCETURN-RTURN-L ADVANCEPROGNIF-SENSORADVANCETURN-L TURN-RPROGNADVANCEThis individual plan moves the ant forward if a stone is sensed. Otherwise it turns right and thenmoves the ant forward if a stone is sensed but turns left (returning to its original orientation) if nostone is sensed. Then it turns left and moves forward if a stone is sensed but turns right (returningto its original orientation) if no stone is sensed. If the ant originally did not sense a stone, the antmoves forward unconditionally as its fifth operation. Note that there is no testing of the backwardsdirections.The same experiment was then repeated using the somewhat more complicated "Santa Fe" trail(designed by J. Doyne Farmer) and successfully produced an equivalent plan.4 . 3 . SYMBOLIC FUNCTION IDENTIFICATIONProblems in the area of symbolic function identification require finding a function, in symbolicform, that fits a given sampling of data points.4 . 3 . 1 . SEQUENCE INDUCTIONSequence induction requires developing a computational procedure that can generate any arbitraryelement in an infinite sequence S = S0,S1,...,Sj,... after seeing only a relatively small number ofspecific examples of the values of the sequence. For example, one might easily induce thecomputational procedure j2+1 given only the six sequence values 1, 2, 5, 10, 17, 26. On the otherhand, it is considerably harder to identify the computational procedure for S = 1, 1, 2, 3, 3, 4, 5,5, 6, 6, 6, 8, 8, 8, 10, 9, 10, 11, 11, 12. In any case, induction is at the heart of learning and theability to correctly perform induction is widely accepted as a means for measuring humanintelligence.In this section, the problem is to induce the computational procedure (i.e. LISP S-expression) for a sequence after seeing only a small number of examples of the sequence. Bothexamples of sequence induction discussed below use recursion.4 . 3 . 1 . 1 . FIBONACCI SEQUENCEThe elements si of the Fibonacci sequence can be computed using the recursive expression sj-1 +sj-2 (where s0 and s1 are both 1). Thus, in this experiment, the environment in which adaptation isto take place consists of the first 20 elements of the actual Fibonacci sequence, namely S = 1, 1, 2,3, 5, 8, 13, 21, 34, 55,..., 4l8l, 6765.The LISP S-expression(+ (s (- J 1)) (s (- J (+ 1 1))))is one possible LISP S-expression that correctly computes the Fibonacci sequence starting withJ=2. In this particular representation, J is the index for the sequence element being computed. Thefirst two elements of the sequence are given as base cases. A given S-expression can call on itself(in a true recursive way) via the function s. . The expression (s I) returns the value of the currentS-expression for sequence position I provided I is between 0 and J-1; otherwise, it returns 0.

36Notice that the s function returns a value computed by the current S-expression, not the actualcorrect value of the Fibonacci sequence.The combined set C of functions and terminals available for this problem is C = {+, -, s, J, 0, 1,2} having 2, 2, 1, 0, 0, 0, and 0 arguments, respectively. Note that the set F of available functionmust include the sequence referencing function s (or some functional equivalent of it) because it isknown that previous sequence elements are necessary in order to compute the Fibonacci sequencein the integral domain.Examples of the random S-expressions in the initial random population for this problem includedS-expressions such as (+ 0 (+ 1 1)), (* 0 (- J 1)), and (* (* J J) (* 1 J)).The first such S-expression, (+ 0 (+ 1 1)), attempts to compute the J-th element of the se-quence without even considering J. The S-expression (* 0 (- J 1)) evaluates to a constant(i.e. 0). The S-expression (* (* J J) (* 1 J)) attempts to compute the Fibonacci se-quence without making use of the essential sequence referencing function s.In generation 17, the best individual S-expression in the population had a perfect score of 20matches. That individual was a 100% correct, albeit non-parsimonious, solution to the problem,namely(+ (s (- (+ 0 J) 2)) (s (- (+ 0 J) 1))).This individual is graphically depicted below:+0J1-s+0J2-s+An alternative approach to the induction of the Fibonacci sequence (in which the values of the twobase cases are discovered using a s function with 2 arguments) is presented in Koza (1989). Wehave also successfully performed the induction of the Fibonacci sequence (in which the values ofthe two base cases are discovered using a function set that included an IF function).In order to save computer time, the elements in the sequence are computed in order for J = 2, 3, 4,.... so that previous elements of the sequence are available when an S-expression attempts to com-pute a new element of the sequence by recursively calling on earlier elements of the sequence.4 . 3 . 1 . 2 . HOFSTADTER SEQUENCEThe elements si of the Hofstadter sequence (Wolfram 1988) can be computed using the recursiveexpressionSj = Sj-Sj-2 + Sj-Sj-1(where s0 and s1 are both 1). Thus, in this experiment, the environment in which adaptation is to

37take place consists of the first 20 elements of this highly irregular, non-monotonic Hofstadtersequence, namely S = 1, 1, 2, 3, 3, 4, 5, 5, 6, 6, 6, 8, 8, 8, 10, 9, 10, 11, 11, 12.In one run, the number of hits was 4, 4, 3, 9, and 18 for generations 0 through 4, respectively, asthe following 100% correct S-expression emerged on the generation 4:(+ ( s (- J ( s (- J 2)))) ( s (- J ( s (- J (- 2 1))))))4 . 3 . 2 . SYMBOLIC REGRESSIONIn linear regression, one is given a set of values of various independent variable(s) and the corre-sponding values for the dependent variable(s). The goal is to discover a set of numerical coeffi-cients for a linear combination of the independent variable(s) which minimizes some measure of er-ror (such as the sum of the squares) between the given values and computed values of the depen-dent variable(s). Similarly, in quadratic regression, the goal is to discover a set of numerical coef-ficients for a quadratic expression which similarly minimizes error. In Fourier �regression�, thegoal is to discover a set of numerical coefficients for Sin and Cos functions of various periodicitieswhich similarly minimizes error.Of course, it is left to the researcher to decide whether to do a linear regression, quadratic regres-sion, or a higher order polynomial regression or whether to try to fit the data points to some non-polynomial family of functions (e.g. sines and cosines of various periodicities, etc.). But, often,the issue is deciding what type of function most appropriately fits the data, not merely computingthe numerical coefficients after the type of function for the model has already been chosen. In otherwords, the problem is both the discovery of the correct functional form that fits the data and thediscovery of the appropriate numeric coefficients. We call such problems "symbolic regression."4.3.2.1. SIMPLE EXAMPLE OF SYMBOLIC REGRESSIONFor example, suppose we are given a sampling of the numerical values from an unknown curveover 20 points in some domain, such as the interval [-1, +1]. That is, we are given 20 pairs ofpoints (xi, yi). These points might include pairs such as (-0.4, -0.2784), (0.5, 0.9375). (0.25,0.33203), etc. The goal is to find a function, in symbolic form, that is a perfect fit or good fit tothe 20 pairs of numerical data points. (The unknown curve happens to be x4+x3+x2+x for this ex-ample).The solution to this problem of finding a function in symbolic form that fits a given sample of datacan be viewed as a search for a function from a hyperspace of functions that can be composed froma set of candidate functions and arguments. The set of terminals for this particular problem consistsof just the independent variable X. That is T = {X}. The set of available functions might includeaddition (+), subtraction (-), multiplication (*), the restricted division function (%), the sinefunction SIN, the cosine function COS, the exponential function EXP, and the restricted logarithmfunction RLOG. The restricted division function returns zero when division by zero is attemptedand is used so that any composition of functions from the function set and terminals from theterminal set always produces a valid result. The restricted logarithm function RLOG returns 0 foran argument of 0 and otherwise returns the logarithm of the absolute value of the argument. Thesetwo functions are restricted in this manner so that they always return a valid floating point number.The function set is therefore F = {+, -, *, %, SIN, COS, EXP, RLOG}.In one run, the worst single individual S-expression in the initial random population (generation 0)was(EXP (- (% X (- X (RSIN X))) (RLOG (RLOG (* X X))))).The sum of the absolute values of the differences between this worst single S-expression and the20 data points was approximately 1023.The median (150th best) individual in the initial random population was

38(COS (COS (+ (- (* X X) (% X X)) X))).This individual is equivalent to Cos [Cos (x2 + x -1)] and has a raw fitness of this was 23.67. Thatis, the average distance between the curve for this individual function and the curve forx4+x3+x2+x for the 20 points is about 1.2.-0.500.511.522.533.541+1.00.0X + X + X + X432Cos Cos (X + X - 1)2The second best individual in the initial random population wasx + [RLog 2x + x] * [Sin 2x + Sin x2]This individual has a raw fitness of 6.05. That is, the average distance between the curve for thisfunction and the curve for x4+x3+x2+x for the 20 points is about 0.3.X + (RLOG 2X + X) * (SIN 2X + SIN X )2X + X + X + X2431.00.0-1-0.500.511.522.533.541The best single individual in the population at generation 0 was the S-expression

39(* X (+ (+ (- (% X X) (% X X)) (SIN (- X X))) (RLOG (EXP (EXP X))))).This S-expression is equivalent to xex. The sum of the absolute value of the differences betweenthis S-expression and the 20 data points was 4.47 (i.e. an average difference of about 0.23 per datapoint).-0.500.511.522.533.541+1.00.0XeXX + X + X + X432It came within the criterion (1%) of the data in only 2 of the 20 cases. That is, it scored 2 "nearhits" with the given data. Note that this number of "near hits" is used only externally for purposesof monitoring and describing the process; it is not used by the genetic algorithm.Although xex is not a particularly fit (much less a perfect fit) to x4+x3+x2+x, it is nonethelessbetter than the worst individual. It is better than the median individual. And, it is better than all theother 299 randomly created S-expressions. When graphed, it bears some similarity to the target S-expression. In addition, it has some of the gross characteristics of the target function. For example,both xex and x4+x3+x2+x are zero when X is zero. Also, when X approaches +1.0, xexapproaches 2.718 while x4+x3+x2+x approaches the somewhat nearby value of 4.By generation 2, the best single individual improved to(+ (* (* (+ X (* X (* X (% (% X X) (+ X X)))) (+ X (* X X)) X) X)which is equivalent to x4 + 1.5x3 + 0.5x2 + x. The raw fitness of this best individual improved to2.57. It scored 5 "near hits." This S-expression bears greater similarity to the target S-expressionthan its predecessors. It is, for example, a polynomial of the correct order (i.e. 4). Moreover, thecoefficients of two of the four terms are correct and the incorrect coefficients (1.5 and 0.5) are nottoo different from the correct coefficients (1.0 and 1.0).Notice that even though no numerical coefficients were explicitly provided in the terminal set, thefractional coefficient 0.5 was created by the process by first creating 1/2X (by dividing X/X = 1 byX+X = 2X) and then multiplying by X. The coefficient 1.5 was similarly created.By generation 4, the raw fitness of the best single individual in the population attained the perfectvalue of 0.0. This individual also scored 20 "near hits." This individual was(+ X (* (+ X (* X (+ X (* X X)))) X)).This S-expression is equivalent to x4+x3+x2+x.

404.3.2.2. SYMBOLIC REGRESSION WITH CONSTANT CREATIONDiscovery of the appropriate numeric coefficients is a problem that must be addressed in order tosuccessfully do symbolic regression in general. In the foregoing simple example of symbolicregression, the terminal set consisted only of the independent variable X. There was no explicitfacility for "constant creation," although the constant 1 was created by the algorithm by dividing Xby X. We now address the issue of "constant creation."The problem of "constant creation" can be solved by extending the terminal set by one ephemeralelement (called �R�) during the generation of the initial random population. Thus, the terminal setwould be enlarged for this particular problem and become T = {X, R}. Whenever the ephemeralatom "R" is chosen for any point of the tree during the generation of the initial random population,a random number in a specified range is generated and attached to the tree at that point. In a real-valued problem such as this problem, the random constants were floating point numbers between-1.0 and +1.0. In a problem involving integers (e.g. induction of a sequence of integers), randomintegers over a specified range are generated for the ephemeral �R� atoms. In a Boolean problems,the ephemeral �R� atoms are replaced by either T (True) or NIL. Note that this random generationis done anew for each point where the ephemeral �R� atom is encountered so that the initial randompopulation contains a variety of different random constants. Once generated and inserted into the S-expressions of the population during the initial random generation, these constants remainconstant.After the initial random generation, the numerous different random constants arising from theephemeral �R� atoms will then be moved around from tree to tree by the crossover operation.These random constants will become embedded in various sub-trees that then carry out variousarithmetic operations on them. This "moving around" of the random constants is not at all haphaz-ard, but, instead, is driven by the overall goal of achieving ever better levels of fitness. For ex-ample, a symbolic expression that is a reasonably good fit to a target function may become a betterfit if a particular constant is, for example, decreased slightly. A slight decrease can be achieved inseveral different ways. For example, there may be a multiplication by 0.90, a division by 1.10, asubtraction of 0.8, or an addition of -0.004. Notice that if a decrease of precisely 0.09 in aparticular value would produce a perfect fit, a decrease of 0.08 is more fit than a decrease of only0.07. Thus, the relentless pressure of the fitness function in the natural selection processdetermines both the direction and magnitude of the numerical adjustments.The process of combining random constants to achieve a desired goal is not always so direct as thesimple example above where a decrease of 0.9 was desired. In one particular problem (discussedbelow in section 4.4.5) p /2 (about 1.57) was needed to solve the problem. In that problem, p /2was found by first finding 2-p /2 (about 0.429). The value 2-p /2 was found by a succession ofdecreasing approximations in 11 steps. Starting with the available constant 1 and the availablefunction SIN, (SIN 1) was first computed (0.841). Then the SIN of 0.841 was taken to obtain astill smaller number, namely 0.746. This result was then squared to obtain a still smaller number,namely 0.556. Then the SIN function was successively applied six more times to obtain asuccession of still smaller numbers. The last one was 0.433. That is, the composition (SIN(SIN (SIN (SIN (SIN (SIN (* (SIN (SIN 1)) (SIN (SIN 1)))))))))))was used to compute the constant 0.433. Each successive step in this 11 step process produced aconstant closer to what was needed. Each successive S-expression had slightly improved fitnessthan its predecessor.To illustrate symbolic regression with constant creation, suppose we are given a sampling of thenumerical values from the unknown curve 2.718x2+3.1416x over 20 points in some domain, suchas the interval [-1, +1]. In one run, the best individual S-expression in the population ingeneration 41 was

41(+ (- (+ (* -.50677 X) (+ (* -.50677 X) (* -.76526 X)))) (* (+ .11737) (+ (- X (* -.76526 X)) X))).This S-expression is equivalent to 2.76X2 + 3.15X.Symbolic regression has been similarly successfully performed on a large number of target ex-pressions, including expressions such as SIN X + COS X + X2 + X.4 . 3 . 3 . EMPIRICAL DISCOVERYAn important problem area in virtually every area of science is finding the empirical relationshipunderlying observed values of the variables measuring a system (Langley and Zytkow 1989). Inpractice, the observed data may be noisy and there may be no known way to express therelationships involved in a precise way.4 . 3 . 3 . 1 . ECONOMETRIC TIME SERIESThe problem of discovering such empirical relationships from actual observed data is illustrated bythe well-known econometric �exchange equation� M=PQ/V, which relates the money supply M,price level P, gross national product Q, and the velocity of money V of an economy (Koza 1990).Suppose that our goal is to find the relationship between quarterly values of the money supply M2and the three other elements of the equation.In particular, suppose we are given the 112 quarterly values (from 1961:1 to 1988:4) of foureconometric time series. The first time series is the annual rate for the United States Gross NationalProduct in billions of 1982 dollars. This series is conventionally called �GNP82� by economistsand we use the conventional notation of economists for such time series data herein. The secondtime series is the Gross National Product Deflator normalized to 1.0 for 1982 (called �GD�). Thethird series is the monthly interest rate yields of 3-month Treasury bills, averaged for each quarter(called �FYGM3�). The fourth series is the monthly values of the seasonally adjusted money stockM2 in billions of dollars, averaged for each quarter (called �M2�). The time series used here wereobtained from the CITIBASE data base of machine-readable econometric time series (Citibank1989). The CITIBASE data was accessed by an Apple Macintosh II computer using softwareprovided by VAR Econometrics Inc. (Doan 1989).The actual long-term historic postwar value of the M2 velocity of money in the United States is1.6527 (Hallman et. al. 1989, Humphrey 1989) so that the �correct� solution is the multiplicative(non-linear) relationshipM2 = (GD˚*˚GNP82)1.6527However, we are not told a priori whether the functional relationship between the given observeddata (the three independent variables) and the target function (the dependent variable M2) is linear,multiplicative, polynomial, exponential, logarithmic, or otherwise.The set of available functions for this problem is F = {+, -, *, %, EXP, RLOG}.The set of available terminals for this problem is T = {GNP82, GD, FYGM3, R}, where "R" isthe ephemeral random constant atom allowing various random floating point constants to beinserted at random as constant atoms amongst the initial random LISP S-expressions. The"terminals" GNP82, GD, and FYGM3 provide access to the values of the time series for the 112quarters. In effect, these "terminals" are functions of the unstated, implicit time variable.Notice that we are not told that the addition, subtraction, exponential, and logarithmic functionsand the time series for the 3-month Treasury bill yields (FYGM3) are irrelevant to the problem.The initial random population was, predictably, highly unfit. In one run, none of the individual S-expressions in the initial random population came within 3% of any of the 112 environmental datapoints in the time series for M2. The sum of errors between that best S-expression and the actual

42time series was very large (88448). Similarly, the best individuals in generations 1 through 4 cameclose to the actual time series in only a small number of cases (i.e. 7, 2, 3, and 5 of the 112 cases,respectively) and also had large sum of error measures (72342, 70298, 26537, 23627). However,by generation 6, the best individual came close to the actual time series in 41 of the 112environmental cases and had an sum of errors of 6528.In generation 9, the following S-expression for M2 emerged:(* GD (% GNP82 (% (% -.587 0.681) (RLOG -0.587)))).This individual is graphically depicted below:RLOG-0.587%-0.5870.681%GNP82%GD*Note that this S-expression for M2 is equivalent to(% (* GD GNP82) 1.618),or, more familiarly,M2 = GD˚*˚GNP821.618The S-expression discovered in the 9th generation comes within 3% of the actual values of M2 for82 of the 112 points in the 28-year time series. The sum of the absolute errors between the S-ex-pression discovered and the 112 points of the 28-year time series is 3765.2. The S-expression dis-covered here compares favorably to the �correct� �exchange equation� M=PQ/V (with a value of Vof 1.6527) which had a sum of errors of 3920.7 and which came within 3% of the actual timeseries data for only 73 of 112 points in the 28-year time period studied.This process was then repeated for two additional samples of the time period consisting of only thefirst and last two thirds of the available data points. In each case, the S-expression that emergedhad the same form as above, but with a denominator consisting of a constant near, but notprecisely equal to, the constant above. The performance of the S-expression discovered on the "insample" points were then compared to the remaining "out of sample" data points and, in each case,a close fit was observed.4 . 3 . 3 . 2 . KEPLER�S THIRD LAWLangley et. al. (1987) discuss the discovery of various scientific laws from empirical data. One ex-ample is the discovery in 1618 of Kepler�s third law of planetary motion, which states that the cubeof a planet�s distance from the sun is proportional to the square of its period. That is,D3p2 = cIn rediscovering Kepler�s Third Law using the genetic programming paradigm, we used thefunction set F = {+, -, *, %, SRT, SIN, COS} and the terminal set T = {DIST}. The environment

43consisted of 9 cases relating the distance DIST (in astronomical units) of each planet from the sunand the period P of the planet. The object was to find an S-expression for P in terms of DIST.The most parsimonious versions of the solutions were S-expressions such as (SRT (* DIST(* DIST DIST))) and (* DIST (SRT DIST)). Less parsimonious correct solutions in-cluded S-expressions such as(* DIST (+ (- DIST DIST) (+ (- DIST DIST) (SRT DIST)))) and(- (* DIST (SRT DIST)) (SIN 0.0)).Interestingly, the S-expression (* DIST DIST) appeared several times as a partially correct,ancestor of the correct final solution on several runs. Ten years before publishing the correctversion of his third law, Kepler published this incorrect version.4 . 3 . 3 . 3 . CHAOSOne aspect of the study of chaos involves finding the function that fits a given sample of data.Often the functions of interest are recursive in the sense that the sequence of values of the functionover time depends on one or more initial condition values.One simple example of such a function is the function x(t) = 4 x(t-1) (1- x(t-1)) over the unit inter-val [0,1] with x(0) = 0.26. For each time step, after the initial time t=0, the value of the function iscomputed using the value of the function at the previous time step. The environment consisted ofthe value of the function for times 0, 1, 2, ..., 50. The value of the function for time step 0 was theinitial condition 0.26. The object was to discover the function for time steps 1, 2, ..., 50. Theterminal PREV allows access to the value of the function at the previous time step.In one run, the best individual in the 6th generation was(* PREV (* 2.0 (* 2.0 (- 1.0 PREV)))).Note that we did not search here for the value 0.26 as the initial condition.4 . 3 . 4 . TRIGONOMETRIC IDENTITIESFor this group of experiments, the problem was to derive various trigonometric identities. The en-vironment consisted of 20 pairs of random Monte Carlo pairs of X and Y values between 0 and 2 pradians. In the first experiment, the problem was to find a LISP S-expression for Sin x+y. Theavailable functions were SIN, COS, multiplication, addition, and subtraction. The expectation wasthat the algorithm would find (+ (* (SIN X) (COS Y)) (* (SIN Y) (COS X))), or,more likely, a non-parsimonious, but equivalent, version of this S-expression. Interestingly, theinitial result was (SIN (+ X Y))! That is, the algorithm rediscovered the original (but hidden)functional source of the original sequence. To avoid seeing this result (which was interesting andinformative only once), the experiment was modified to find Cos 2X. The expectation was that thealgorithm would find something like 2 Sin X Cos X. However, the algorithm instead produced thesimpler identity Cos 2X = - Cos 2X.Finally, the algorithm was given Cos 2X (which is equivalent to 1 - 2 Sin2 X) and the additionand cosine function were intentionally deleted from the repertoire of available functions (to avoidmerely getting an anticipated Cos X+X). The correct S-expression (- (- 1 (* (SIN X)(SIN X))) (* (SIN X) (SIN X))) was obtained after 13 generations in one run and thesomewhat more parsimonious correct S-expression (- 1 (* (* (SIN X) (SIN X)) 2)),which is equivalent to 1 - 2Sin2 x, was obtained after 16 generations in another run.Another unexpected result arising from this experiment became the basis for our �constant cre-ation� process described above. In one run where we were attempting to find a trigonometricidentity for Cos 2X, the lengthy S-expression

44(SIN (- (- 2 (* X 2)) (SIN (SIN (SIN (SIN (SIN (SIN (* (SIN (SIN 1)) (SIN (SIN 1)))))))))))emerged in generation 30. This expression had near perfect (zero) raw fitness and scored 20 (outof 20) �near hits�. Yet it is hardly obvious what this incomprehensible expression represented. Byusing the graphical features of the Mathematica� software package (Wolfram 1988),we found thatthe graphical representation of this this lengthy expression wasThat is, the S-expression was an extremely good fit to Cos 2X. It became clear that2 - Sin[Sin[Sin[Sin[Sin[Sin[Sin[Sin[1]]^2]]]]]],where the "1" is in radians, is approximately l.56721. Notice that p / 2 is about 1.57. Thus, thetrigonometric identity Sin(p /2- 2X) for Cos 2X was discovered. More importantly, the algorithmcreated a needed constant (i.e. p /2) from the available ingredients (namely, the SIN function andthe constant l) by repeatedly applying the Sin function to converge on the desired numerical result.4 . 3 . 5 . "DATA TO FUNCTION" SYMBOLIC INTEGRATIONVarious approaches to the problem of "symbolic integration" are discussed in Mills (1987). In"data to function" symbolic integration, we are given numerical values for a sampling of points onan unknown curve and we desire to find the function, in symbolic form, that is the integral of theunknown curve.In particular, suppose we are given a sampling of 50 numerical values from an unspecified curve.That is, we are given 50 pairs (xi, yi), where each xi < xi+1. The domain may be 0 to 2P . The un-specified curve happens to be Cos x + 2x + 1. The goal is to find, in symbolic form, the a functionwhich is a perfect fit or good fit to the integral of the unspecified curve from the given pairs of nu-merical points. That is, the goal is to find Sin x + x2 + x in symbolic form from the 50 pairs (xi,yi).For these purposes, we programmed a numerical integration routine to perform the numerical inte-gration. It will be seen that the problem is, in fact, similar to the problem of symbolic regressiondiscussed above, except for this additional numerical integration step. We first numerically inte-grate the curve (xi, yi) over the domain starting at x1 and running to xi so as to obtain a value for

45the integral of the unspecified function for each point xi. Then, as each individual candidate func-tion fj is generated, we evaluate fj(xi) so as to obtain 50 pairs (xi, fj(xi)).The raw fitness of an individual candidate function is the sum of the absolute values of differencesbetween the individual candidate function at domain point xi and the integral of the unspecifiedfunction up to domain point xi.As before, the desired solution can be viewed as a function from a hyperspace of functions that canbe composed from the available functions (which are the same as above).As before, the set of terminals contains just the single variable value x. Thus, the combined set offunctions and terminals for this problem is C = {X, +, -, *, SIN, COS, RLOG} having 0, 2, 2, 2,1, 1, and 1 arguments, respectively.After 4 generations, the S-expression(+ (+ (- (SIN X) (- X X)) X) (* X X))emerged. This function has a very small error with respect to the 50 numerical points and it has aperfect score of 50 " near hits" in the sense that this function is within the criterion (0.01) of theintegral of the unspecified curve for each of the 50 xi values. This S-expression is equivalent to Sinx + x2 + x.To summarize, we found the functional form Sin x + x2 + x from the 50 given data points (xi, yi).In another experiment, x4 + x3 + x2 + x was obtained as the symbolic integral of 4x3 + 3x2+ 2x+1.4 . 3 . 6 . "DATA TO FUNCTION" SYMBOLIC DIFFERENTIATIONIn "data to function" symbolic differentiation, we are given numerical values for a sampling ofpoints on an unknown curve and we desire to find the function, in symbolic form, that is thederivative of the unknown curve.In particular, suppose we are given a sampling of 200 numerical values from an unspecified curvein the domain 0 to p /2. That is, we are given 200 pairs (xi, yi). The unspecified curve happens tobe Sin x + x2 + x. The goal is to find, in symbolic form, the a function that is a perfect fit or goodfit to the derivative of the unspecified curve from the given pairs of numerical points. That is, thegoal is to find Cos x+ 2x + 1 in symbolic form.For these purposes, we programmed a numerical differentiation routine to perform the numericaldifferentiation. It will be seen that the problem is, in fact, similar to the problems of symbolic re-gression and symbolic integration discussed above except that numerical differentiation is per-formed. In numerically differentiating the curve (xi, yi) for points other than endpoints of the do-main, the derivative is the average of the slope of the curve between point xi-1 and xi and the slopeof the curve between point xi and xi+1. For the two endpoints of the domain, the slope is the(unaveraged) slope of the curve to the nearest point. If numerical differentiation is being per-formed, it is desirable to have a larger number of points (e.g. 200) because of the inherent relativeinaccuracy of numerical differentiation as compared to numerical integration.After 30 generations, the S-expression (+ (+ (COS (- X X)) (+ X X)) (COS X))emerged. This function has a very small error with respect to the 200 numerical data points and ithas a perfect score of 200 "hits" in the sense that this function is within the criterion (0.01) of theyi value for each of the 200 xi values. This S-expression is equivalent to Cos x + 2x + 1.In another experiment, 4x3 + 3x2+ 2x+ 1 was obtained as the symbolic derivative of x4 + x3 + x2+ x.

464 . 4 . SOLVING EQUATIONSThe "genetic programming" paradigm can be used to solve equations whose solution is in the formof a function that satisfies the given equation.4 . 4 . 1 . DIFFERENTIAL EQUATIONSDifferential equations are typically approached using analytic methods or numerical approximationmethods. However, the problem of solving differential equations may be viewed as search in a hy-perspace of compositions of functions and arguments for a particular composition which satisfiesthe equation and its initial conditions.Consider the simple differential equationdydx + y Cos x = 0having an initial value of y of 1.0 for an initial value of x of 0.0. The goal is to find a functionwhich satisfies the equation, namely, e-Sin x.We start by generating 200 random values of the independent variable xi over some domain, suchas the unit interval [0, 1]. We call this set of values the "x-values." As the j-th individual candidatefunction fj in the population is generated by the genetic algorithm, we evaluate fj(xi) so as to obtain200 pairs (xi, fj(xi)). We call this 200 by 2 array of numbers the "unknown curve" or "candidate-curve."We then numerically differentiate the "curve" (xi, fj(xi)) with respect to the independent variable xito obtain the value of the derivative curve (xi, fj�(xi)) for all 200 points. We then take the cosine ofthe 200 pairs of random values of xi to obtain the curve consisting of the 200 values (xi, Cos xi).We then multiply these 200 values by fj(xi) so as to obtain 200 pairs (xi, fj(xi)*Cos xi). We thenperform the addition fj�(xi) + fj(xi)*Cos xi for all 200 points. To the extent that fj�(xi) +fj(xi)*Cos xi is close to zero for the 200 values of xi, the unknown (candidate) function fj is agood approximation to the solution to the differential equation.To facilitate the input of the differential equations into the system, a toolkit has been written to al-low a differential equation to be written out in terms of the independent variable x (called x-values),the unknown function being sought (called "candidate-function"), differentiation (with respect to aspecified variable), and any other function. These functions include addition, subtraction,multiplication, division, sine, cosine, etc. We apply a function to a "curve" by using the special"$" function and the name of the desired function. We adopt the convention that the right hand sideof the equation is always zero. Thus, the left hand side of the differential equation involves the un-known (candidate) function. The "$" function can be applied to scalar constants as well as"curves." As an example, we would rewrite the left hand side of the above differential equation as($’+ (differentiate candidate-function x-values) ($* candidate-function ($’cos x-values))).This is interpreted as follows: The cosine function is applied to the independent variable (the x-val-ues). Then, the result is multiplied by the unknown function y (the candidate function) to obtain anintermediate result. Then, the unknown function (candidate-function) is differentiated with respectto the independent variable (x-values) and the result added to the previously obtained intermediateresult.The sum of the absolute values of the differences between the left hand side of the equation and theright hand side of the equation (i.e. the zero function) is then computed. The closer this sum of dif-ferences is to zero, the better.The fitness of a particular individual candidate (unknown) function is expressed in terms of two

47factors. The sum of absolute differences mentioned above represents 75% of the raw fitness of thefunction. The other 25% of the raw fitness is derived from the closeness of the candidate functionto the initial condition, namely, the absolute value of the difference between the value computed bythe candidate (unknown) function fj for the initial condition and the given value for the initial con-dition.The combined set of functions and terminals for this problem is C = {+, -, *, SIN, COS, RLOG,EXP, X} having 2, 2, 2, 1, 1, 1, 1, and 0 arguments, respectively.In one run, the best individual in the initial random population (generation 0) was the functione1-exIts raw fitness was 58.09 and only 3 of the 200 points were "near hits."By generation 2, the best individual in the population wase1-eSin xIt raw fitness was 44.23 and only 6 of the 600 points were "near hits."By generation 6, the best individual in the population was equivalent to e-Sin x.The raw fitness head dramatically improved (decreased) to only 0.057. Moreover, 199 of the 200points were now "near hits." This function is, in fact, the exact solution to the differential equation.A second example of a differential equation isdydx - 2y + 4x = 0with initial condition such that y = 4 when x = 1.In one run, the best individual in the 28th generation was (+ (* (EXP (- X 1)) (EXP (- X 1))) (+ (+ X X) 1)).This is equivalent toe-2e2x + 2x +1,which is the exact solution to the differential equation.A third example of a differential equationdydx = 2˚+˚Sin˚X˚3˚(y-1)2with initial condition such that y = 2 when x = 0.In one run, the best individual in the l3th generation was(- (CUBRT (CUBRT 1)) (CUBRT (- (- (- (COS X) (+ 1 (CUBRT 1))) X) x))),where CUBRT is the cube root function. This is equivalent to1 + (2 + 2x - Cos x)1/3,which is the exact solution to the differential equation.Note that when the initial condition of the differential equation involves only a value of the functionitself (as is typically the case when the differential equation involves only first derivatives), any

48point in the domain of the independent variable (X) may be used for the initial condition. On theother hand, when the initial condition of the differential equation involves a value of a derivative ofthe function (as may be the case when the differential equation involves second derivatives orhigher derivatives), it is necessary that the value of the independent variable (X) involved in theinitial condition be one of the points in the random set of points xi (and preferably an internal pointof the domain). This is necessary to allow the first derivative (or higher derivative) of the unknown(candidate) function to be evaluated for the initial condition point.4 . 4 . 1 . 1 . POWER SERIES SOLUTION TO A DIFFERENTIAL EQUATIONIt is also possible to discover the power series program for ex when an exponential function is partof the solution to a differential equation.In this experiment, we demonstrate the use of two tools which are commonly used in computerprogramming, namely iteration and the ability to give a name to the results of a calculation (or theresult of a sub-program) so that it can subsequently referred to and subsequently used.For this experiment, the problem is to find the solution todydx - y = 0having an initial value of y of 2.718 for an initial value of x of 1.0. In effect, the problem is tocompute ex using the power series�J=0¥˚x jj!The functions available for this problem include addition (+), multiplication (*), and the modifieddivision operation % (which returns a value of zero when division by zero is attempted), the "set"operator SA, and an iterative summation operator SIGMA. The terminals available for thisproblem include the variable X, an iterative summation index II, and the settable variable AAA.The "set" operator SA has one argument and sets the global variable AAA equal to the value of itsargument. The set function allows a computer program to assign a name to the results of a calcula-tion (or the result of a sub-program) so that it can subsequently refer to and subsequently use thatresult.In writing computer programs, computer programmers often mistakenly use a variable that has notyet been defined by their program. Depending on the programming language or machine involved,such undefined variables typically either cause the computer program to halt or they are assigned adefault value (which may well be inappropriate to the specific problem involved). Our purposeshere are best served by not having the evaluation of any one individual halt the overall operationhere. Thus, we assign a default value to any undefined variable. Since this problem involves real-valued variables, the default value here should be a floating point number. In order to simplify theparticular problem here, we have made the default value 1.0 for undefined variables. Note that agiven S-expression typically changes the value of a settable variable during the course of the pro-gram (and may do so many times).The iterative summation operator SIGMA has one argument, called WORK, and performs a func-tion similar to the familiar summation operator S in mathematics. In particular, the operatorSIGMA evaluates its WORK argument repeatedly until a summand is encountered that is verysmall (e.g. less than .000001 in absolute value). The operator SIGMA then returns the value of itsaccumulated sum.The operator SIGMA is similar to the previously described iterative DU ("Do Until") operator in

49that an indexing variable II is available inside the SIGMA operator as it iterates. While a SIGMAoperator is performing iterations, an iteration variable II counts the number of iterations (startingwith l). This variable can be one of the terminals in the set of available terminals. Thus, if theargument WORK happens to contain II, the SIGMA operator becomes a summation over theindexing variable. Of course, if it does not, the SIGMA operator merely accumulates a sum ofsummands that are independent of II (but which may, nonetheless, change due to the operation ofsettable variables or other side effects).Since individual S-expressions in the population are not generally or necessarily very small in ab-solute value, there is no guarantee that the operator SIGMA will terminate. Therefore, it is a practi-cal necessity (when working on a serial computer) to place limits on both the number of iterationsallowed by any one execution of a SIGMA operator and to place a similar limit on the total numberof iterations allowed for all SIGMA operators that may be evaluated in the process of executing anyone individual S-expression for any particular environmental case. Note that even when a SIGMAoperator times out, it nevertheless returns the sum accumulated up to that time.The LISP S-expression (SIGMA (SA (* AAA (% X II)))) is a parsimonious LISP S-ex-pression for computing the value of the power series for ex - 1 for a given value of X. This S-ex-pression consists of a SIGMA operator that starts by setting AAA to the result of multiplying thevalue of AAA (which initially is l) by X and dividing by the iteration variable II. As this iterativeprocess continues, the summands successively consist of the powers of X divided by the factorialof the iteration number. When the current settable variable AAA gets very near zero, the SIGMAoperator terminates and returns its accumulated value (namely, the last overall sum). Note that ifthe termination predicate is ill-formed (as it often is), the iterative summation operator will "timeout" when the limit on the number of iterative steps is reached (e.g. 15).In one run, we obtained (SIGMA (SA (* SA AAA) (SA (% X II))))) as the best indi-vidual LISP expression on the 13th generation. When simplified, this LISP S-expression isequivalent to the correct solution to the differential equation and its initial conditions.4 . 4 . 2 . INTEGRAL EQUATIONSIntegral equations are equations that involve the integral of the unknown function. Integral equa-tions can be solved with the same general approach as above, except for the additional step of tak-ing the integral of the candidate function.An example of an integral equation isy(t) - 1 + 2�r=0r=t˚Cos(t-r)˚y(r)˚dr = 0In one run, we found the solution to this integral equation, namely,y(t) = 1 - 2te-tNote that the process of integration creates a variable (r, in this case), which is similar to the index-ing variable II of an iterative loop (described above in connection with the "DU," "DUL," and"SIGMA" functions).4 . 4 . 3 . INVERSE PROBLEMSSuppose we have a set of data consisting of various (xi, yi) pairs such as (9,6), (16,8), (25,10),(36,12), (2.25, 3.0), etc.Symbolic regression would reveal that the dependent variable yi is twice the square root of the in-dependent variable xi. That is,yi = 2 � xi.

50The problem of finding the inverse function starts with a set of (xi, yi) pairs of data such as (6,9),(8,16), (10,25), (12,36), (3.0, 2.25), etc. The conclusion is that the dependent variable yi is thesquare of half of the independent variable xi. That is,yi = xi22It will be seen that the problem of finding an inverse function for a given set of data is similar to theproblem of symbolic regression discussed above, except for the additional step of switching theroles of the independent and dependent variables of the data set.4 . 4 . 4 . SOLVING FUNCTIONAL EQUATIONSConsider the following functional equation:f(2x) - 1 + 2Sin2 x = 0.The goal is to solve this equation for the function f, which, when substituted into the equation,satisfies the equation.As before, we begin by selecting a set of random points in a suitable domain. In particular, we se-lect 50 points xi in the domain of real numbers between -3.14 and +3.14. We store these 50 valuesin a vector. We then compute another vector of 50 values corresponding to the sine of each xi. Wethen compute another vector of 50 values corresponding to the square of the sine of each xi. Wethen compute another vector corresponding to twice the square of the sine of each xi. Each of thesecomputed vectors can also be viewed as a curve since we can think of the points for 2Sin2 x beingplotted graphically on axes. Similarly, we set up a vector constant of 50 occurrences of the con-stant 1 (the "constant curve"). We then subtract this "constant curve" from the "curve" just com-puted for 2Sin2 x. Finally,we consider each of the S-expressions fj in the current populations ofindividuals. Since the argument for the unknown function is 2x (instead of just x), we must firstperform the step of multiplying the 50 xi values by 2. We then compute the curve for f(2x) usingthe S-expression fj.If we happen to have the function f that exactly satisfies the equation, the new "curve" computedwill consist of all zeroes. In any case, the value of the left hand side f(2x) - 1 + 2Sin2 x corre-sponds to the fitness of the function.In one run, the S-expression below emerged on generation 7 with a raw fitness of zero:(* 1 (COS (+ X X)).This S-expression is equivalent of Cos 2x and solve the functional equation. That is, when Cos 2xis substituted into the equationf(2x) - 1 + 2Sin2 x = 0,the equation is satisfied (i.e. the left hand side evaluates to zero for each random xi).4 . 4 . 5 . SOLVING GENERAL MATHEMATICAL EQUATIONS FOR NUMERICVALUESAn important special case of the process of solving functional equations occurs when the set of ar-guments (atoms) consists only of numeric constants. That is, there are no variable arguments (suchas X) in the set of arguments used to construct the S-expressions. In this special case, the processcan be used to solve a general mathematical equation for its numerical roots.For example, consider the simple equation, with two identical roots of � 2, which one wouldconventionally write asx2 - � 2 x + 2 = 0.

51For our purposes here, we rewrite this equation as the functional equationf2(x) - � 2 f(x) + 2 = 0,where the function f(x) is the unknown (instead of the variable X being the unknown).We proceed by using a set of functions that contains functions such as addition, subtraction, mul-tiplication, and division. The set of terminals (arguments), however, consists only of theephemeral random constant atom ("R"). Note that X does not appear in this set of terminals(arguments). As a result, the set of S-expressions contains only random compositions of randomconstants. Typical S-expressions might be(+ 0.234 (* -0.685 0.478)) and(* (* 0.537 -1.234) (+ 1.467 0.899)).As before, 50 random values of xi are selected in a suitable domains (such as -2.0 to +2.0). A"curve" is then built up by squaring each xi. Next, each xi is multiplied by � 2 and this result issubtracted from the square of each xi . The constant value 2.0 is then added to each of the 50 val-ues. The next step is to evaluate the fitness of each of the 300 individual S-expressions fj in thepopulation. Each S-expression in this problem has a particular numeric value because the initialpopulation of S-expressions contained only constants. Its value does not depend on xi. Thus,when each fj is evaluated for fitness, the value is the same for all 50 cases (because the value fjdoes not depend on xi). As before, the sum of these 50 (identical) values is the fitness of the S-expression fj. If the S-expression causes the left hand side of the equation (i.e. the raw fitnessside) to be zero, that S-expression (which is, in fact, a numeric constant value) satisfies theequation.In one run, the best individual S-expression in the 42nd generation evaluated to 1.41417. This iswithin 0.00004 of the value of � 2, which is approximately 1.41421.Note that this genetic approach to solving equations for numeric values produces quite precise val-ues. This result is contrary to the conventional view that genetic algorithms are only good forsearching for the general neighborhood of a correct answer in a large search space.This view is perhaps correct when applied to conventional genetic algorithms operating on charac-ter strings whose length is fixed in advance. However, where the size and shape of the solution isallowed to dynamically vary as the problem is being solved, it is possible to search a large searchspace for the correct general neighborhood of the solution and then, by adaptively changing therepresentation scheme, converge closely onto the precise correct value.4 . 5 . CONCEPT FORMATIONQuinlan (1986) initiated development of a particularly effective family of hierarchical classificationsystems for inducing a decision tree from a limited number of training case examples. In ID3 (andvarious other systems of the ID3 family), the goal is to partition a universe of objects into classes.Each object in the universe is described in terms of various attributes. The system is first presentedwith a set of training case examples which consist of the attributes of a particular object and theclass to which it belongs. The system then generates a decision tree which hopefully can then beused to classify a new object correctly into a class using the attributes of the new object. The exter-nal points (leaves) of the decision tree are the eventual class names. The internal points of the deci-sion tree are attribute-based tests which have one branch emanating from the decision point foreach possible outcome of the test.The induction of such decision trees for classifying objects can be approached by geneticallybreeding LISP S-expressions for performing this task. In particular, the set of terminals is the setof class names.The set of functions is the set of attribute-based tests. Note that this set of attribute-based tests arealways assumed to be given and available for solving induction problems via decision trees of the

52ID3 family. Notice that ID3 is similar to the genetic programming paradigm in that the set offunctions is given. Each function has as many arguments as there are possible outcomes of thatparticular test. When a particular object is presented to the LISP S-expression (i.e. the decisiontree), each function in the S-expression tests one attribute of the object and returns the particularone of its arguments designated by the outcome of the test. If the designated argument is aterminal, the function returns the class name. When the S-expression is fully evaluated in LISP�susual left-oriented depth-first way, the S-expression as a whole thus returns a class name. That is,the S-expression is a decision tree that classifies the new object into one of the classes.To demonstrate the technique of genetically inducing a decision tree, we apply this approach to thesmall training set of 14 objects presented in Quinlan (1986). In Quinlan�s problem, each object hasfour attributes and belongs to one of two classes (�positive� or �negative�). The attribute of�temperature�, for example, can assume the possible values hot, mild, or cool. Humidity can as-sume the values of high or normal. Outlook can assume values of sunny, overcast, or rain. Windycan assume values of true or false. The decision tree presented by Quinlan as the solution for thisproblem is shown below:OUTLOOKSUNNYOVERCASTRAINHUMIDITYWINDYHIGHNORMALTRUEFALSE01011If, for example, the OUTLOOK of a particular object is sunny and the HUMIDITY is high, thenthat object is classified into class 0 (negative).In order to genetically induce the decision tree, each of the four attributes in this problem is con-verted into a function. For example, the function �temperature� operates in such a way that, if thecurrent object has a temperature of �mild,� the function returns its second argument as its returnvalue. The other attributes in this problem, namely �humidity�, �outlook�, and �windy�, are simi-larly converted to functions. The function set for this problem is therefore F = {TEMP, HUM,OUT, WIND} with 3, 2, 3, and 2 arguments, respectively. The set of terminals for this problem isT = {0, 1} since there are two classes.In one run, the LISP S-expression(OUT (WIND 1 0) (WIND 1 1) (HUM 0 1)emerged on the 8th generation with a maximal fitness value of 14 (i.e. it correctly classified all 14training cases). Since (WIND 1 1) is equivalent to just the constant atom 1, this S-expression isequivalent to the decision tree presented in Quinlan (1986) using ID3.4 . 6 . AUTOMATIC PROGRAMMINGThe problem of automatic programming requires developing a computer program that can producea desired output for a given set of inputs. Early provocative work in this area includes Friedberg(1958 and 1959).

534 . 6 . 1 . SOLVING PAIRS OF LINEAR EQUATIONSFor this experiment, the problem is to find the computational procedure for solving a pair of con-sistent non-indeterminate linear equations, namely a11x1 + a12x2 = b1 and a21x1 + a22x2 = b2 forthe first of its two real-valued variables (x1). The environment consisted of a suite of 10 pairs ofequations. Using a suite of equations minimizes the chance of being misled. Without loss of gen-erality, the coefficients of the equations were prenormalized so the determinant is 1. The set ofavailable functions is F = {+, -, *} and the set of available terminals is T = {A11, A12, A21,A22, B1, B2}.The worst individual from the initial random population (i.e. generation 0) has a raw fitness valueof 119051.The average raw fitness for generation 0 (the initial random generation) is 2622. This value servesas a baseline by which to measure future (non-random) performance.The average raw fitness of the population immediately begins improving from the baseline valuefor generation 0 of 2622 to 632, 341, 342, 309, etc. In addition, the worst individual in the popu-lation also begins improving from 119051 for generation 0 to 68129, 2094, etc.The best individual from generation 0 is (+ (- A12 (* A12 B2)) (+ (* A12 B1)B2)) and has a raw fitness value of 125.8. The best individual begins improving and has a valueof 106 for generations 1 and 2, 103 for generation 3 through 5, 102 for generations 6 through 16,and 102 for generations 17-20. The computational procedure (+ (- A12 (* A12 B2)) (*A22 B1)) that appeared in generations 21 and 22 had a fitness value of 62 and differed from theknown correct solution only by one additive term -A12. The best individual for generations 23through 26 is a similarly close S-expression (+ (- A22 (* A12 B2)) (* A22 B1)) witha raw fitness value of 58. Starting with generation 27, a perfect solution for x1 emerges, namely(- (* A22 B1) (* A12 B2)).The average normalized fitness for each generation shows a gradual, generally upwards trend fromgeneration to generation starting with .0017 at generation 0, improving to .0029 at generation 1,and reaching .0059 for generation 26. Between generation 27 and generation 30, the average nor-malized fitness rises sharply to .39 as the known perfect solution begins to dominate the popula-tion.4 . 6 . 2 . QUADRATIC EQUATIONSFor this experiment, the problem is to solve the quadratic equation x2 + bx + c = 0 for a complex-valued root. The available functions were multiplication, subtraction, a modified division operation%, and the Common LISP complex-valued square root function SQRT (denoted by � here). Themodified division function % returns 0 when division by zero is attempted. The square root func-tion � returns a LISP complex number. Thus, for example, (� -4) calls for the square root of -4and would evaluate to the LISP complex number #C(0, 2). The set of terminals is T = {B, C}.The environment consisted of a suite of 10 quadratic equations (with some purely real roots, somepurely imaginary roots, and some complex-valued roots). For each of the l0 equations in the envi-ronment, a given individual S-expression was evaluated to obtain a (generally) complex number.The square root of the square of the real part of the complex number produced by the individualLISP S-expression and the square of the imaginary part of the complex number produced by theindividual LISP S-expression was computed. These distance values were then summed over the l0quadratic equations in the environmental test suite to obtain the fitness value of the given S-ex-pression.In one run, a correct solution to the problem emerged at generation 22, namely, the S-expression(- (� (- (* (% B 2) (% B 2)) C)) (% B 2)), which is equivalent to the well-known solution.

544 . 6 . 3 . OTHER COMPUTATIONAL PROBLEMS - FINDING PRIMESA wide variety of other computational problems can be viewed as requiring the generation of acomputer program to solve the problem.One such example is finding the prime numbers. We will use this problem to illustrate a third itera-tive control structure, namely, an operator equivalent to the �FOR� loop found in many program-ming languages. A prime number is a positive integer which is evenly divisible only by itself andone. The problem of finding primes can be viewed as finding a function over the positive integersthat returns the number of divisors. If the number of such divisors is greater than two, then thenumber is not a prime (i.e. is a composite number). If the number of such divisors is two (or per-haps one, depending on how one handles the argument one), then the number is a prime. If the testsuite is the first 64 integers, then the space of possible two-valued functions for this problem is ofsize 264 (and therefore equals the search space for the Boolean 6-multiplexer).Two approaches to this problem were used. In both approaches, the variable atom J is an integerbetween 1 and 64. The objective is to determine whether J is a prime. A settable variable CNC isavailable and it is initially zero. In both approaches, the function CZ is available. The function (CZJ M) adds one to CNC if J modulo M is zero.In the first approach, an iterative operator DUL was used. The DUL operator is equivalent to the�FOR� loop found in many programming languages, whereas the DU operator is equivalent to the�REPEAT...UNTIL� loop and the SIGMA operator is equivalent to the S notation for infiniteseries in mathematics. The operator DUL ("Do-Until-Loop") has two arguments, namely, the workWORK and the number of iterations NLOOP to be performed. It is similar to the previously de-scribed iterative operator DU ("Do-Until") and the previously described iterative summation opera-tor SIGMA in that an iteration variable II is available inside the DUL operator for possible incorpo-ration into the WORK argument or the NLOOP argument and in that �time out� limits must beestablished for this operator.The combined set of functions and terminals for this first approach is C = {DUL, CZ, J, II}. If anS-expression returned a value that was not greater than 2, it is deemed to be a prime. Otherwise, itis deemed to be a composite number. Fitness is the number of integers between l and 64 that werecorrectly classified. The S-expression (DUL (CZ J II) J) is a parsimonious and completelycorrect solution to this problem. This solution was obtained in several runs of the program.In the second approach, the only operative function available was CZ. The passive functionPROGN was included in the set of available functions to allow a sequence of functions to be per-formed. The available terminals were J, CNC, and the integers up to 8 (i.e. the square root of 64).An appropriate sequence of CZ functions with appropriate arguments can thus function as a sieve.Moreover, partially correct structures can easily develop. In one run, (CZ J 2) appeared as the bestindividual of generation 0. Then, (PROGN (CZ J 2) (CZ J 7) CNC) appeared withslightly better fitness. Then, (PROGN (CZ J 3) 7 (PROGN (CZ J 2) (CZ J 7) CNC)) appeared with even better fitness. Finally, (PROGN (CZ (PROGN (CZ J 3) 5 J) 5)7 (PROGN (CZ J 2) (CZ J 7) CNC)) appeared in generation 5. This S-expression is asclose to a solution as is possible with the available terminals and functions.4 . 7 . PATTERN RECOGNITIONHinton (1988) has discussed the problem of translation-invariant recognition of a one-dimensionalshape in a linear binary retina (with wrap-around). In the simplified experiment here, the retina has6 pixels (with wrap-around) and the shape consists of three consecutive binary 1’s. Thus, 001110,000111, and 100011 are among the 6 possible instances of the shape.The functions available are a zero-sensing function H0, a one-sensing function H1, ordinary mul-tiplication, and a disjunctive function U. The terminals available are the integers 0, l, and 2, and auniversally quantified terminal k. The function H0 (or H1) takes two arguments and returns the

55integer 1 if there is a 0 (or l) in the position equal to the sum of the two arguments (modulo theretina length) and returns the integer 0 otherwise. Thus, one argument of these functions canpotentially serve as a positional pointer and the other can potentially serve as a displacement. Theuniversally quantified terminal k assumes all integral values over the retinal length. The disjunctivefunction U takes two arguments and returns the integer l if either argument is non-zero and returnsthe integer 0 if both arguments are 0. The ordinary multiplication function * serves as a conjunctivefunction and returns the integer l if all arguments are non-zero and returns the integer 0 if anyargument is 0.The functions U and * so defined resolve potential type problems that would otherwise arise whenintegers identify positions in the retina. Although LISP is comparatively tolerant as to typing, pat-tern recognition problems seem to require the ability to freely combine numerical concepts such aspositional location (either absolute or universally quantified) and relative displacement (e.g. thesymbol 2 pixels to the right) with Boolean concepts (e.g. a particular disjunctive and conjunctivecombination of features indicates a particular shape). One does not want to specify or restrict a pri-ori the kind of combination of functions available to solve the problem.Initial random individuals include contradictions such as (* (H0 2 2) (H1 2 2)), ineffi-ciencies such as (U (H0 2 1) (H0 1 2)), irrelevancies such as (U (H0 0 0) (H1 20)), and nonsense such as (U 2 (* k (H1 0 0))). In one particular run, the number ofmismatches for the best individual of generation 0 was 48 and rapidly improved to 40 for genera-tions 1 and 3. It then improved to 0 mismatches in generation 3 for the individual (* 1 (* (H1K 1) (H1 K 0) (H1 K 2)) 1). Ignoring the extraneous outermost conjunction of two 1’s,this individual returns a value of the integer 1 if and only if a binary 1 is found in the retina in posi-tions 0, 1, and 2 (each displaced by the same constant k).4 . 8 . NON-LINEAR OPTIMAL CONTROL STRATEGY FOR BALANCING ABROOMThe problems of centering a cart and balancing a broom (inverted pendulum) by applying a "bangbang" force from either direction are well-known problems in control theory. The cart centeringproblem has been previously studied in the genetic algorithm field in connection with Hollandclassifier systems (Goldberg 1983). The broom balancing problem has been studied extensively inconnection with neural networks (Widrow 1963, Barto et. al. 1983, Widrow 1987, Anderson1988, Anderson 1989).The genetic programming paradigm can be successfully used to solve the cart centering problemand two dimensional broom balancing problem (Koza and Keane 1990a) as well as the threedimensional broom balancing problem (Koza and Keane 1990b).The three dimensional broom balancing problem involves a push cart with mass mc moving on aone dimensional frictionless track and a broom (inverted pendulum) of mass mb pivoting on thetop of the cart. The broom has an angle q (measured from the vertical) and an angular velocity w.The distance from the center of mass of the broom to the pivot point on the cart is l. There arefour state variables of this system, namely, position x, velocity v, angle q,and angular velocity w.A �bang bang� force of fixed magnitude F is applied to the center of mass of the cart from eitherthe left or right direction at each time step t. The constants here are mc=0.9 kilogram, mb=0.1kilogram, gravity g=1.0 meters/sec2, time step t=0.02 seconds, and length l =0.8106 56 meters.m

ForceForceqxThe state transitions of this cart and broom system are expressed by non-linear differential equa-tions. At each discrete time step t, the current state of the system and the force being applied at thattime step are used to compute the state of the system at the next time step. In particular, the angularacceleration f(t) at time t is given by (Anderson 1988) asF (t) = gSin˚q ˚+˚Cos˚q ˚-F˚-mp˚l ˚˚w ˚˚q ˚2˚Sin˚qmc˚+˚mpl ˚ ºØ ßø43˚-˚m p˚Cos2˚qmc˚+˚mp˚The angular velocity w (t+1) of the broom at time t+1 is thereforew (t+1) = w (t) + t F (t) and the angle q (t+1) at time t+1 isq (t+1) = q (t) + t w (t), using Euler approximate integration.The acceleration a of the cart is given bya(t) = F ˚ + ˚ m p˚l ˚˚[q ˚2˚Sin˚q ˚˚-˚w ˚Cos˚q ]mc˚+˚mpThe velocity at time t+1 is therefore v(t+1) = v(t) + t a(t) and the position x(t+1) at time t+1 isx(t+1) = x(t) + t v(t).The problem is to find a control strategy (i.e. LISP S-expression) that specifies how to apply the"bang bang" force so that, after starting in any random initial state, the cart is brought to rest andthe broom becomes balanced in minimal average time.The set of functions used for this problem consisted of addition (+), subtraction (-), multiplication(*), the sign function (SIG), the absolute value function (ABS), the square root of absolute valuefunction (SRT), the square function (SQ), the cube function (CUB), and the greater-than function(GT). The greater-than function GT is a real-valued logic function of two arguments that returns+1 if the first argument is greater than the second argument and returns -1 otherwise. The use ofreal-valued logic allows arbitrary composition of functions in the function set.The set of terminals for this problem consisted of velocity v, angle q , angular velocity w , and theephemeral constant atom "R" for real-valued random constants.

57Each control strategy is executed (evaluated) on every time step of each environmental case. Whena particular control strategy (i.e. LISP S-expression) evaluates to any positive value for particularvalues of state variables at a particular time step, the force F is applied from the positive direction.Otherwise, the force is applied from the negative direction. For example, in the figure below, thecurrent point in the v- q - w space is shown by the ball which is above the control space so thatthe force F is applied from the positive direction.4.8.1 CASE IThe environment consists of 10 initial environmental starting condition cases. Position is chosenrandomly between -0.2 and +0.2 meters. Velocity v is chosen randomly between -0.2 and +0.2meters/second. Angle q is chosen randomly between -0.2 radians (about 11.5 degrees) and +0.2radians. Angular velocity w is chosen randomly between -0.2 and +0.2 radians per second. Theforce F is 1.0 Newtons.Time was discretized into 600 time steps of .02 seconds. The total time available before the system�times out� for a given control strategy is thus 6 seconds. If the square root of the sum of thesquares of the velocity v, angle q , and angular velocity w (i.e. the �norm�) is less than 0.07 (the�criterion�), the system is considered to have arrived at its target state (i. e. the broom balanced andthe cart at rest). If a particular control strategy brings the system to the target state for a particularenvironmental starting condition case, its fitness for that environmental case is the time required (inseconds). If a control strategy fails to bring the system to the target state before it �times out�, itsfitness for that environmental case is set to 6 seconds. The �fitness� of a control strategy is theaverage time for the strategy over all 10 environmental cases.The initial population of random control strategies in generation 0 includes many highly unfit con-trol strategies, including totally blind strategies that ignore all the state variables, partially blindstrategies that ignore some of the state variables, strategies that repetitively apply the force fromonly one direction, strategies that are correct only for a particular few specific environmental cases,strategies that are totally counter-productive, and strategies that cause wild oscillations andmeaningless gyrations.In one run, the average time consumed by the initial random strategies in generation 0 averaged 5.3seconds (i.e. about 3 times the average time of 1.85 seconds consumed by the pseudo optimalstrategy). In fact, a majority of these 300 random individuals �timed out� at 6 seconds (and verylikely would have timed out even if more time had been available). However, even in this highlyunfit initial random population, some control strategies are somewhat better than others.

58The best single control strategy in generation 0 was the non-linear control strategy v2+ qwhich averaged 3.77 seconds. Note that this control strategy is partially blind in that it does noteven consider the state variable w in specifying how to apply the �bang bang� force.

59The average population fitness improved to 5.27, 5.23, 5.15, 5.11, 5.04, and 4.97 seconds perenvironmental case in generations 1 through 6, respectively. In generation 6, the best singleindividual was the non-linear control strategy q + � ( | w | - w 2 ).This individual performed in an average of 2.66 seconds. Moreover, this individual succeeded inbringing in 7 out of the 10 environmental starting conditions cases to the target state. Thiscompares to only 4 such �hits� for the best single individual of generation 0 (where, in fact, abouttwo thirds of the individuals in the population scored only 1 �hit�).

60By generation 10, the average population fitness had improved further to 4.8 seconds and scored 8hits. The best single individual was q + 2 w - v2. Note that this individual is not partially blind andconsiders all three state variables.

61By generation 14, the average fitness had improved to 4.6 seconds. And, for the first time, thehigh point of the �hits histogram� moved from 1 (where it started at generation 0) to a highernumber (namely 4). In generation 14, 96 of the 300 individuals scored 4 �hits�. This undulatingleft-to-right �slinky-like� motion in the �hits histogram� occurs as the system progressively learns.

62In generation 24, we attained one individual that scored of 10 hits. The best individual ingeneration 24 is the non-linear control strategy v + q + 2 w + q 3. This individual had fitness2.63 seconds. By generation 24, the population average fitness improved to 4.2 seconds.

63Generation 27 is the last time when we see a linear control strategy as the best individual in thepopulation. The best single individual in the population at generation 27 wasv + 2 q + 3 w . It scored 10 hits and had fitness of 2.16 seconds. Note that the computer programor control strategy can be viewed as defining the optimal control surface that separates the statespace into parts. In this case, the control surface is merely a plane, whereas, for most generations,it is a non-linear surface.

64In generation 33, the best single individual bears a resemblance to the ultimate solution we attain ingeneration 46. In generation 33, the best single individual is 8 w 3 + v + q + w .This individual had fitness 1.57 seconds. Moreover, 45 individuals in the population of 300 ingeneration 33 scored 10 hits.

65By generation 35, the high point of the �hits histogram� of the population moved from 4 hits to 10hits. In particular, 120 of 300 individuals in the population scored 10 hits.

66In generation 46, the best single individual in the population was the 8-term non-linear controlstrategyv + 2 q + w + 8 w 3 + w 2 + v w + v � q + w � q .

67After its discovery, this single best control strategy was retested on 1000 additional randomenvironmental starting condition points. It performed in an average of 1.51 seconds. In anothertest, it averaged 2.65 seconds on the 8 corners of the cube. In another test, it took 4.24 seconds forthe worst two corners of the cube (i.e. where the velocity, angle, and angular velocity have thesame sign). It never timed out for any internal point or any corner point of the cube.A benchmark pseudo optimum strategy averaged 1.85 seconds over the 1000 randomenvironmental starting condition cases in the retest. It averaged 2.96 seconds for the 8 corners ofthe cube. Moreover, it was unable to handle the 2 worst corners of the cube.These results (in seconds) are summarized in the table below:CASE I - PERFORMANCE FOR 3-DIMENSIONAL BROOM BALANCING PROBLEMControl Strategy1000 Points8 CornersWorst 2 CornersBenchmark Pseudo Optimum1.852.96Infinitev + 2 q + w + 8 w 3 + w 2 + v w+ v � q + w � q1.512.654.24There is no known solution for this problem nor is there any specific test we can perform on anapparent solution that we obtain to verify that it is the optimum. We do know that the controlstrategyv + 2 q + w + 8 w 3 + w 2 + v w + v � q + w � q .had the best time of those we discovered; that we discovered a number of other control strategiesthat were slightly worse (and hence this control strategy seemed to be the result of some kind ofconvergent process); and that it is slightly better than the benchmark psuedo optimum strategy.Two histograms provide a graphical picture of the learning of the population from generation togeneration. The �hits histogram� shows the number of individuals in the population that correctlyhandle a particular number of environmental cases. The �fitness histogram� shows the number ofindividuals in the population with whose fitness value lies in a particular decile of the fitnessvalues.

68The left-to-right undulating �slinky-like� motion of the hits histogram for generations 0, 10, 20,30, 40, and 46 is shown below.

694.8.2. CASE IIThe environment consists of 10 initial environmental starting condition cases. Position is chosenrandomly between -0.5 and +0.5 meters. Velocity v is chosen randomly between -0.5 and +0.5meters/second. Angle q is chosen randomly between -0.5 radians (about 28.6 degrees) and +0.5radians. Angular velocity w is chosen randomly between -0.5 and +0.5 radians/second. The forceF is 4.0 Newtons.Note that in this version of this problem, the angle q lies between -28.6 degrees and 28.6 degreesand that the angular velocity w lies between -0.5 and +0.5 radians/second. When the angle q islimited to a domain of about -11.5 degrees to +11.5 degrees, Sin q approximately equals q . Inthis limited domain, the solution to the problem becomes somewhat simplified, and, in some cases,a simple hyperplane can be a reasonably acceptable control surface. However, the domains of thestate variables we use here put the problem clearly into the non-linear area.Time was discretized into 400 time steps of .02 seconds. The total time available before the system�times out� for a given control strategy is thus 8 seconds. If the square root of the sum of thesquares of the velocity v, angle q , and angular velocity w (i.e. the �norm�) is less than 0.07 (the�criterion�), the system is considered to have arrived at its target state (i. e. the broom balanced andthe cart at rest). If a particular control strategy brings the system to the target state for a particularenvironmental starting condition case, its fitness for that environmental case is the time required (inseconds). If a control strategy fails to bring the system to the target state before it �times out�, itsfitness for that environmental case is set to 8 seconds. The �fitness� of a control strategy is theaverage time for the strategy over all 10 environmental cases.The initial population of random control strategies in generation 0 includes many highly unfit con-trol strategies, including totally blind strategies that ignore all the state variables, partially blindstrategies that ignore some of the state variables, strategies that repetitively apply the force fromonly one direction, strategies that are correct only for a particular few specific environmentalcases, strategies that are totally counter-productive, and strategies that cause wild oscillations andmeaningless gyrations.In one run, the average time consumed by the initial random strategies in the initial random popula-tion averaged 7.79 seconds. In fact, many of these 300 random individuals �timed out� at 8 sec-onds for all 10 of the environmental cases (and very likely would have timed out even if more timehad been available). However, even in this highly unfit initial random population, some controlstrategies are somewhat better than others. The best single control strategy for the initial randomgeneration was the simple non-linear control strategy v q , which averaged 6.55 seconds. Thiscontrol strategy correctly handled two (of the simpler) environmental cases and timed out for 8 ofthe environmental cases. Notice that this control strategy is partially blind in that it does not evenconsider the state variable w in specifying how to apply the �bang bang� force.The genetic crossover operation is then applied to parents from the current generation selected withprobabilities proportionate to fitness to breed a new population of offspring control strategies.Although the vast majority of the new offspring control strategies are again highly unfit, some ofthem tend to be somewhat more fit than others. Moreover, some of them are slightly better thanthose that came before.For example, the average population fitness improved from 7.79 to 7.78, 7.74, 7.73, 7.70, 7.69,7.66, 7.63, 7.62 seconds per environmental case in generations 1 through 8, respectively. Thisgenerally improving (but not necessarily monotonic) trend in average fitness is typical of geneticalgorithms.

70In generation 6, the best single individual was the non-linear control strategy q > v3 ˚q ˚ + ˚ v . Itrequired an average of 6.45 seconds. Notice that this particular control strategy explicitlyincorporated the greater-than function > in the strategy, whereas the earlier control strategy wasmerely a polynomial that defined a control surface.In generation 7, the best single individual in the population correctly handled (i.e. did not time out)4 of the l0 environmental cases. It required an average of 5.72 seconds.In generation 8, the best single individual was the non-linear control strategy[ q + w + 2.762v + q 3 ]3It required an average of only 2.56 seconds. It correctly handles 10 of the 10 environmental cases.Note that the number of correctly handled environmental cases (�hits�) is a statistic that we finduseful for monitoring runs, but this statistic is not used by the genetic algorithm.In generation 14, the average time required by the best single individual in the population droppedbelow 2 seconds for the first time. In particular, the non-linear control strategyq + w + v + v2 [ w - 0.734]2 > v w 2required an average of only 1.74 seconds. It, too, correctly handled all l0 of the environmentalcases.Two histograms provide a graphical picture of the learning of the population from generation togeneration. The �hits histogram� shows the number of individuals in the population that correctlyhandle a particular number of environmental cases. The �fitness histogram� shows the number ofindividuals in the population with whose fitness value lies in a particular decile of the fitnessvalues. Both of these histograms have an undulating left-to-right �slinky-like� motion as the popu-lation progressively learns.In generation 33, the best single individual in the population was the non-linear control strategy3v + 3 q + 3 w + v q 2 > v w 2wSQ*vqSQv*w3*3*q++3*v+>After its discovery, this single best control strategy was retested on 1000 additional randomenvironmental starting condition cases. It performed in an average of 1.76 seconds. In anothertest, it averaged 3.20 seconds on the 8 corners of the cube, but could not handle 2 of the 8 cornersof the cube.

71The benchmark pseudo optimum strategy averaged 1.85 seconds over the 1000 randomenvironmental cases in the retest. It averaged 2.96 seconds for the 8 corners of the cube. It wasunable to handle the 2 worst corners of the cube.These results (in seconds) are summarized in the table below:CASE II - PERFORMANCE FOR 3-DIMENSIONAL BROOM BALANCING PROBLEMControl Strategy1000 Points8 CornersWorst 2 CornersBenchmark Pseudo Optimum1.852.96Infinite3v + 3 q + 3 w + v q 2 > vw 21.763.20InfiniteThere is no known solution for this problem nor is there any specific test we can perform on anapparent solution that we obtain to verify that it is the optimum. We do know that the controlstrategy3v + 3 q + 3 w + v q 2 > v w 2had the best time of those we discovered; that we discovered a number of other control strategiesthat were slightly worse (and hence this control strategy seemed to be the result of some kind ofconvergent process); and that it is slightly better than the benchmark psuedo optimum strategy.4 . 9 . FINDING GAME-PLAYING STRATEGIESIn a game, there are two or more independently-acting players who make choices (moves) and re-ceive a payoff based on the choices they make. A "strategy" for a given player in a game is a wayof specifying what choice (move) the player is to make at a particular point in the game from all theallowable moves at that time and given all the information about the state of the game that is avail-able to the player at that time. Strategies for games may be expressed in several different ways.One conceptually simple, but often tedious, way is to specify a given player’s moves in terms ofevery possible sequence of previous moves made by that player and his opponents. Another way isto express the strategy in terms of the state of the game or in terms of various features abstractedfrom the state of the game.4.9.1. DIFFERENTIAL PURSUER-EVADER GAMEThe "game of simple pursuit" described in Isaac’s Differential Games (1965) is a 2-person,competitive, zero-sum, simultaneous-moving, complete-information game in which there is apursuing player P which is trying to capture an evading player E. The �choices� available to aplayer at a given moment in time consist of choosing a direction (angle) in which to travel. In thesimple game of pursuit, the players travel in a plane and both players may instantaneously changedirection without restriction (i.e. either smoothly or abruptly). Each player travels at a constantspeed, and the pursuing player�s speed wp (1.0) is greater than the evading player�s speed we(0.67).The state variables of the game are xp, yp, xe, and ye representing the coordinate positions (xp,yp) and (xe, ye) of the pursuer P and evader E in the plane.At each time step, both players know the position (state variables) of both players. The choice foreach player is to select a value of their control variable (i.e. the angular direction in which totravel). The pursuer�s control variable is the angle f ( from 0 to 2 P radians) and the evader�scontrol variable is the angle y . The players choose the value for their control variable simultane-ously.The analysis of this game can be simplified by reducing the number of state variables from four to

72two. This state reduction is accomplished by simply viewing the pursuer P as being at the originpoint (0,0) of a new coordinate system at all times and then viewing the evader E as being at posi-tion (x, y) in this new coordinate system. The two numbers x and y representing the position (x, y)of the evader E thus become the two �reduced� state variables of the game. Whenever the pursuerP travels in a particular direction, the coordinate system is immediately adjusted so that the pursueris repositioned back to the origin (0, 0) and then appropriately adjusting the position (x, y) of theevader to reflect the travel of the pursuer.(0, 0)PFXY(X, Y)EYThe state transition equations for the evader E are as follows:x(t+1) = x(t) + weCos y - wpCos fy(t+1) = y(t) + weSin y - wpCos f .In order to develop optimal playing strategies, we use a set of random environmental startingcondition cases consisting of Ne (= 10) starting positions (xi, yi) for the evader E. Each startingvalue of xi and yi is between -5.0 and +5.0. The two players may travel anywhere in the plane. Weregard the pursuer P as having captured the evader E when the pursuer gets to within some

73specified small distance e= 0.5 of the evader E.The payoff for a given player is measured by time. The payoff for the pursuer P is the total time ittakes to capture the evader E over all of the environmental cases. The pursuer tries to minimize thistime to capture. The payoff for the evader E is the total time of survival for E. The evader tries tomaximize this time of survival. In this particular simple game of pursuit, the pursuer�s superiorspeed makes it possible for the pursuer to always capture the evader for any set of environmentalcases.A maximum �time out� time (100 time steps) is established so that if the pursuer has not made thecapture within that amount of time, that maximum time becomes the payoff for that particularenvironmental case and that particular strategy.The problem is to find the strategy for choosing the control variable of the pursuer so as to mini-mize the total time to capture for any set of environmental cases when playing against an optimalevader which is trying to maximize his total time of survival for any set of environmental cases.For this particular simple game, the best strategy for the pursuer P at any given time step is tochase the evader E in the direction of the straight line currently connecting the pursuer to theevader. And, for this particular simple game, the best strategy for the evader E is to race away fromthe pursuer in the direction of the straight line connecting the pursuer to the evader.In comparison, the worst strategy for the pursuer P is to avoid the evader E by racing away fromthe evader in the direction precisely opposite to the straight line currently connecting the pursuer tothe evader. The worst strategy for the evader E is to race towards the pursuer P along this samestraight line.If the evader chooses some action other than the strategy of racing away from the pursuer in the di-rection of the straight line connecting the pursuer to the evader, the evader will survive for less timethan if he follows his best strategy. If the evader initially chooses a sub-optimal direction and thenbelatedly chooses the optimal direction, his time of survival is less than if he had chosen the opti-mal direction from the beginning.

74PF(0, 0)XYE(X, Y)YThe situation is symmetric in that if the pursuer does not chase after the evader E along the straightline, he fails to minimize the time to capture.The �value of the game� is the payoff (time) such that, no matter what the evader does, the evadercannot hold out for longer than this amount of time, and, if the evader does anything other than di-rect fleeing, his survival time is a shorter amount of time. Conversely, no matter what the pursuerdoes, the pursuer P cannot capture an optimal evader E in less than the amount of time equal to the�value of the game�, and, if the pursuer does anything other than direct pursuit, the evader can re-main at large for a longer amount of time.The �genetic programming paradigm paradigm� can be used to solve the differential game ofsimple pursuit by genetically evolving a population of pursuing individuals over a number ofgenerations. The environment that consists of an optimal evader. In other words, each individual inthe population of pursuing individuals is tested against the optimal evader so that the population ofpursuing individuals could improve based on this testing (i.e. absolute fitness). Similarly, anoptimal evader can be genetically evolved out of a population of evading individuals if theenvironment consists of an optimal pursuer.

75The �genetic programming paradigm� is especially well suited to solving this kind of problem be-cause the solution takes the form of a mathematical expression whose size and shape may not beknown in advance and which may dynamically vary during the process.Identification of the terminals for solving this problem using the �genetic programming paradigm�is straight-forward for this problem. The terminal set T contains the two reduced state variables Xand Y representing the position of the evader E in the plane. That is, the terminal set is T = {X, Y,R}, where R is the emphemeral random constant.The function set for this problem can be a set of arithmetic and mathematical operations such asaddition, subtraction, multiplication, division (using the operation % which returns a zero whendivision by zero is attempted), and the exponential function EXP. Thus, the function set is {+, -,*, %, EXP}.If the population of individuals represents pursuers and we are attempting to genetically breed anoptimal pursuing individual, the environment for this �genetic algorithm� consists of an optimalevading individual. The optimal evader travels with the established constant evader speed we in theangular direction specified by the Arctangent function. The Arctangent function has two arguments(the X value and the Y value). The Arctangent function returns a number between 0 and 2 P radi-ans (360 degrees) representing the angle whose tangent is Y/X. If X happens to be zero, the signof Y determines the value of the Arctangent function. In particular, the Arctangent function returnP /2 radians (90 degrees) if the sign of Y is positive and it returns3 p /2 radians (270 degrees) if the sign of Y is negative. The Arctangent function returns 0 in theevent that both X and Y are zero.We use a set of random environmental starting condition cases consisting of Ne (= 10) startingpositions (xi, yi) for the evader E. Each starting value of xi, yi is a random number between -5.0and +5.0.As one progresses from generation to generation, the population of pursuing individuals typicallyimproves. After several generations, the best pursuing individuals in the population can capture theevader in a small fraction (perhaps 2, 3, or 4) of the 10 environmental cases within a certainamount of time. Then, after additional generations, the population improves and the best pursuingindividuals in the population can capture the evader in a larger fraction (perhaps 4, 5, or 6) of the10 environmental cases within a shorter amount of time. Often, these partially effective pursuersare effective in some identifiable fraction of the plane or at some identifiable range of distances, butineffective in other parts of the plane or at other distances. However, as more and more generationsare run, the population of pursuing individuals typically continues to improve.In one run, a pursuer strategy emerged in the 17th generation which correctly handled all 10 of theenvironmental cases. This S-expression is shown below:(% (- (% (+ (* 2.0 X2) -0.066) -0.365) (% X2 -0.124)) (+ (EXP X1) X2 -0.579)).This S-expression is depicted graphically below:

76EXPX1X2-0.579+%X2-0.124X22.0*-0.066+-0.365%-%This S-expression is equivalent to2x2˚-˚0.066-0.365˚ + ˚ x20.124ex1˚+˚x2˚-0.579which in turn is equivalent to2.58x2˚+˚1.81ex1˚+˚x2˚-˚0.579When this apparent optimal pursuing individual is re-tested against a much larger set ofenvironmental cases (i.e. 100 or 1000), we then find that it also successfully handles 100% of theenvironmental cases. Thus, this S-expression is an optimal solution to the problem here.Note also that the above apparent optimal solution is dependent on the particular values of the pa-rameters of this problem and that slightly different pursuing individuals might emerge if other pos-sible values of these parameters had been used. Because we intentionally did not include theArctangent function in the function set, and because the MacLaurin infinite series for theArctangent function (which uses multiplication, addition, subtraction, and division) converges onlyfor a limited domain of argument values, there may be combinations of parameters for this problemfor which these above apparent optimal solution may no longer be a solution to the problem. Inparticular, if the zone of capture parameter e (currently 0.5) were substantially reduced (so as torequire greater accuracy at the moment of capture), the range of environmental cases were sub-stantially expanded (beyond the -5 to +5 range used here in each direction), or the �time out� timewere substantially reduced, we might find a small fraction of environmental cases (out of a largenumber of environmental cases) for which the above apparent optimal pursuing individuals wouldnot be successful.A minimax strategy for the evader was discovered in a similar way.4 . 9 . 2 . DISCRETE GAME IN EXTENSIVE FORMConsider the simple discrete game whose game tree in extensive form is shown below: 77

L

RLRXOXO$31$32$15$16$7$8$24$23$3$4$20$19$28$27$11$12$2$1$18$17$26$25$9$10$30$29$13$14$5$6$22$21 L RLROXO X

L

R12101462230261824208321212121216161682410101021414628

78This game is a "2-person" �competitive� �zero-sum� game in which the players make alternatingmoves. Player X starts and can choose to go L (left) or R (right). Then, player O can choose to goL (left) or R (right). After player X has made three moves and player O has made two moves,player X receives (and player O pays out) the payoff shown at the particular endpoint (of 32) of thegame tree that was reached.Since this game is a game of complete information, each player has access to information about hisopponent’s previous moves (and his own previous moves). This historical information iscontained in five variables XM1 ("X’s move 1"), OM1 (O’s move 1"), XM2 (X’s move 2), OM2(O’s move 2), and XM3 (X’s move 3). These five variables each assume one of three possiblevalues: L (left), R (right), or U (undefined). A variable is undefined prior to the time when themove to which is refers has been made. For example, at the beginning of the game, all fivevariables are undefined.The particular variables that are defined or undefined indicate the point towhich play has progressed during the play of the game. For example, if both players have movedonce, XM1 and OM1 are defined (as either L or R) but the other three variables (XM2, OM2, andXM3) are undefined (i. e. have the value U).A strategy for a particular player in a game specifies what move that player is to make for everypossible situation that may arise for that player. In particular, in this game, a strategy for player Xmust specify his first move if he happens to be at the beginning of the game. A strategy for playerX must also specify his second move if player O has already made one move and it must specifyhis third move if player O has made two moves. Since Player X moves first, player X’s first moveis not conditioned on any previous move. But, player X’s second move will depend on Player O’sfirst move (i.e. OM1) and, in general, his own first move (XM1). Similarly, player X’s third movewill depend on player O’s first two moves and, in general, his own first two moves. Similarly, astrategy for player O must specify what choice player O is to make for every possible situation thatmay arise for player O. A strategy here is a computer program (i.e. LISP S-expression) whoseinputs are the relevant historical variables and whose output is a move L (left) or R (right) for theplayer involved. Thus, the terminal set for this problem is T = {L, R}.Four testing functions CXM1, COM1, CXM2, and COM2 provide the facility to test each of thehistorical variables that are relevant to deciding upon a player’s move. Each of these functions is aspecialized form of the CASE function in Common LISP. For example, function CXM1 has threearguments and evaluates it first argument if XM1 (X’s move 1) is undefined, evaluates it secondargument if XM1 is L (Left), and evaluates its third argument if XM1 is R (Right). FunctionsCXM2, CXM3, COM1, and COM2 are similarly defined. Thus, the function set for this problemis F = {CXM1, COM1, CXM2, COM2} with three arguments each.Our first goal is to evolve a game-playing strategy for player X for this game. The minimaxstrategy for player O serves as the environment for evolving game-playing strategies for player X.In one run, the best single individual game-playing strategy for player X in generation 6 had aminimax value of 88 and scored 4 minimax hits. This strategy was the S-expression(COM2 (COM1 (COM1 L (CXM2 R (COM2 L L L) (CXM1 L R L)) (CXM1 L L R)) L R) L (COM1 L R R).This S-expression simplifies to(COM2 (COM1 L L R) L R).If both OM2 (O’s move 2) and OM1 (O’s move 1) are undefined (U), it must be player X’s firstmove. That is, we are at the beginning of the game (i.e. the root of the game tree). In thissituation, the first argument of the COM1 function embedded inside the COM2 function of thisstrategy specifies that player X is to move L. The left move by player X at the beginning of thegame is player X’s minimax move because it takes the game to a point with minimax value 12 (toplayer X) as opposed to a point with only minimax value 10.

79If OM2 (O’s move 2) is undefined but OM1 is defined, it must be player X’s second move. In thissituation, this strategy specifies that player X moves L if OM1 (O’s move 1) was L and player Xmoves R if OM1 was R. If OM1 (O’s move 1) was L, player O has moved to a point with minimaxvalue 16. Player X should then move L (rather than R) because that move will take the game to apoint with minimax value 16 (rather than 8). If OM1 was R, player O has moved to a point withminimax value 12. This move is better for O than moving L. Player X should then move R (ratherthan L) because that move will take the game to a point with minimax value 12 (rather than 4).If both OM1 and OM2 are undefined, it must be player X’s third move. If OM2 was L, player Xcan either choose between a payoff of 32 or 31 or between a payoff of 28 or 27. In either case,player X moves L. If OM2 was R, player X can choose between a payoff of 15 or 16 or between apayoff of 11 or 12. In either case, player X moves R. In this situation, this S-expression specifiesthat player X moves L if OM2 (O’s move 2) was L and player X moves R if OM2 was R.If player O has been playing its minimax strategy, this S-expression will cause the game to finish atthe endpoint with the payoff of 12 to player X. However, if player O was not playing his minimaxstrategy, this S-expression will cause the game to finish with a payoff of 32, 16, or 28 for playerX. The total of the 12, 32, 16, and 28 is 88 and the attainment of these four values constitutes 4minimax hits.We then proceeded to to evolve a game-playing strategy for player O for this game. The minimaxstrategy for player X serves as the environment for evolving game-playing strategies for player O.In one run, the best single individual game-playing strategy for player O in generation 9 had aminimax value of 52 and scored 8 minimax hits. This strategy was the S-expression(CXM2 (CXM1 L (COM1 R L L) L) (COM1 R L (CXM2 L L R)) (COM1 L R (CXM2 R (COM1 L L R) (COM1 R L R)))).This S-expression simplifies to(CXM2 (CXM1 # R L) L R),where the symbol # indicates the response to a situation that cannot ever arise.4 . 1 0 . PROBLEMS USING STRUCTURE-PRESERVING CROSSOVERIn this section, we present two problems that can be handled more naturally and efficiently if it isrecognized that the individuals in the population inherently have a more complex structure than anunrestricted S-expression and that this structure should be preserved as crossover occurs.4 . 1 0 . 1 . MULTIPLE REGRESSIONIn the earlier examples of symbolic regression and empirical discovery (e.g. econometric timeseries, Kepler’s Law), there was always one dependent variable (with perhaps several independentvariables). Problems with more than one dependent variable can also be genetically solved. Thisproblem illustrates the need for creating random random individuals that comply with a particularset of syntactic restrictions and then performing structure-preserving crossover on thoseindividuals.Consider a problem with four independent variables x1, x2, x3, and x4 and two dependent vari-ables y1 and y2. Suppose we are given a set of 50 data points in the form of 50 6-tuples of theform (xli, x2i, x3i, x4i, y1i, y2i)). The unknown function relationships are yli = x1ix3i - x2ix4i y2i = x2ix3i + x1ix4ifor i between l and 50.Two changes are required from the previously described process in order to most naturally andefficiently solve this problem.

80First, the root of tree (i.e. the function just inside the left-most parenthesis of the LISP S-expres-sion) should be the function LIST with two arguments. That is, the value returned by the S-ex-pression is the list (vector) of two numbers, rather than a single number.The LISP S-expression created in the initial generation can have this desired structurally merely byrestraining the choice for the function for the root of the tree (i.e. the function occurring just insidethe left-most parenthesis of the S-expression) to the function LIST with two arguments.Thereafter, the choice of function for any other internal point of the tree is an unrestricted choicefrom amongst the other functions of the problem (e.g. addition, subtraction, multiplication, etc.here).Second, the choice of points in the crossover operation should be restrained so as to preserve thestructure just created above for the initial generation. In particular, the structure for this problem isthat each individual in the population must have the function LIST as its root and must not have thefunction LIST elsewhere in the tree.This restraining process can be viewed in two ways. The simplest (and least general way) to viewthis restraining process is to exclude the root of the tree from being selected as the crossover pointof either parent in the crossover operation. With this exception, the crossover operation then pro-ceeds as usual. This restraint guarantees that the crossover operation preserves the structure re-quired by this particular problem.A more general way of viewing this restraining process for the crossover operation illustrates thegeneral principle involved in structure-preserving crossover in a more generally applicable way.Any point may be selected as the crossover point for the first parent. There is no restriction.However, the selection of the crossover point in the second parent is then restricted to a point ofthe same "type" as the point just chosen from the first parent. For the multiple regression problem,there are only two "types" of points involved. The root of the tree is one "type" and all other pointsof the tree are the second "type." Thus, if a non-root points is chosen as the crossover point for thefirst parent, then a non-root point must be chosen as the crossover point of the second parent. Ifthe root happens to be chosen as the crossover point for the first parent, then the selection of thecrossover point of the second parent is restrained to points of this same "type." For this particularproblem, there is only one point in the second parent that is of this same type, namely, the rootpoint of the second parent. As it happens, when the crossover operation selects the roots both par-ents as crossover points, the operation merely swaps the entire parental trees. That is, thecrossover operation degenerates into an instance of fitness proportionate reproduction in this spe-cial case. The fact that this approach is the more generally applicable way of viewing the restrainingprocess will become clearer below in connection with neural network design.When multiple values are returned by an S-expression, the fitness function must be also be modi-fied. One way to do this is to make the fitness equal to the absolute value of the difference betweenthe value of the first dependent variable returned by the S-expression and the target value of thefirst dependent variable plus the absolute value of the difference between the value of the seconddependent variable returned by the S-expression and the target value of the second dependent vari-able. Of course, other ways of measuring distances (such as the square root of the sum of thesquares of the differences) can also be used.The set of terminals for this problem is T = {X1, X2, X3, X4}.In one run, the best LISP S-expression in the 31st generation was(LIST (- (* X3 X1) (* X4 X2)) (+ (* X3 X2) (* X1 X4))).

81*X1X4*X3X2+X3*X1*X4X2-LISTThe two arguments to the LIST function are the two desired functional relationships. Note thatcomplex multiplication is implemented by these return values.The technique of handling the return of more than one value from a program and the associated cal-culation of fitness in that situation can be applied to many other problems. For example, two valuesmay be returned as the output of a neural network; or, multiple values returned from a program thatperforms a task.4 . 1 0 . 2 . NEURAL NETWORK DESIGNIn this experiment, we show how to simultaneously design a neural network for both its weightsand its architecture (namely, the number of layers in the neural net, the number of processingelements in each layer, and the connectivity between processing elements).Neural networks are networks of directed lines containing linear threshold processors at the inter-nal points in the network and numerical weights on each of the non-output lines. In a neuralnetwork, the inputs are those external points that are connected to a directed line segment pointingtowards an internal point of the network and the outputs are those external points that are connectedto a directed line segment pointing out from an internal point of the network. The signal on eachnon-output line segment is multiplied by a numerical constant (called the weight) associated withthat line as it passes along that line segment. The linear threshold processing elements at theinternal points of the network emit a signal from a discrete set of possibilities (i.e. 0 or 1). If thesum of the weighted inputs to the processor exceeds a certain threshold value T, the processoremits a 1 signal. Otherwise, it emits a 0 signal. That is, the output Oj of the linear thresholdprocessing element j in a neural network is1 if �i=0N˚ ˚ w ij˚ S ij˚ + ˚ b j˚ > T j0 otherwisewhere Sij is the i-th input signal to processing element j, where wij is the i-th weight to processingelement j, where Tj is the threshold for processing element j, and where bj is the bias (if any) ofprocessing element j. Without loss of generality, we assume that the thresholds of all the neuralnetwork processing elements are 1.0 and that there are no biases in the network (although it is clearthat the thresholds and biases could also be genetically discovered in the same general way as de-scribed below).A wide variety of different neural network architectures are described in the literature (Hinton1989). Most currently studied neural networks have at least one intermediate, hidden layer ofprocessing elements lying between the inputs and the processing elements that are directlyconnected outputs (Rumelhart, Hinton, and Williams 1986). This contrasts with early single layer"perceptrons" where there was no hidden layer of processing element (Minsky and Papert 1969).Most neutral networks discussed in the current literature are feed-forward only, although the so-called recurrent neural networks allow feedback.

82There are a wide variety of different neural network training paradigms described in the literature.Neural network training paradigms almost always presuppose that the architecture of the neuralnetwork has already been determined. That is, they presuppose that a selection has been made forthe number of layers of linear threshold processing elements, the number of processing elements ineach layer, and the nature of the allowable connectivity between the processing elements. In mostneutral network training paradigms discussed in the current literature, the training paradigminvolves exposing the neural network to "training cases" during a "training phase" andprogressively modifying the weights (and sometimes the thresholds or biases) in some way thatdepends on how well the network’s output matches the desired correct output associated with eachtraining case. The goal is typically to have the neural network learn to perform some task so that itcan correctly perform the task when it encounters repetitions, and, more importantly, previouslyunseen inputs cases of the task.The function set for the neural network design problem contains at least six functions. Inparticular, the function set is F = {P, W, +, -, *, %}. The function P is the linear thresholdprocessing function. The function W is the weighting function used to give a weight to a singlegoing in to a linear threshold processing function. This weighting function W is, in fact, merelymultiplication ; however, we give it this special name to distinguish it from the ordinary arithmeticoperation of multiplication (which is used for the entirely different purpose of creating andmodifying the numerical constants in the neural network in this problem). Both he linear thresholdprocessing function P and the weighting function W typically appear in the function set with avarying number of arguments (i.e. perhaps 2, 3, 4, etc.). The function set also contains the fourarithmetic operations addition (+), subtraction (-), multiplication (*), and restricted divisionfunction (%). The four arithmetic operations are used to create and modify the numerical constants(weights) of the neural network.The set of terminals (arguments) contains the input signals of the problem and the ephemeralrandom constant atom ("R"). If there were two input signals (D0 and D1) for a particular problem,then the terminal set would be T = {D0, D1, R}.Not all possible compositions of the functions from the function set above and terminals from theterminal set above correspond to what we would choose to call a "neural network." Thus, theproblem of designing neural networks requires rules of construction that specify what structuresare allowable for this particular problem. S-expressions must be initially created in conformity tothese rules of construction and crossover must thereafter be performed in a structure-preservingway.In particular, the rules of construction for neural networks with one output signal require that theroot of the tree must be a processing element function P. Then, the functions at the levelimmediately below any processing element function P must be weighting functions (W). At thelevel below a weighting function, there is greater flexibility. In particular, there can be an input datasignal (such as D0 and D1), any arithmetic function (addition, subtraction, division, ormultiplication), a random constant, or another P function. At the level immediately below anarithmetic operation, there can only be an arithmetic operation or a random constant. Once a Pfunction again appears in the tree, the rules of construction again require that the functionsimmediately below the P function again be weighting functions W. These rules are appliedrecursively until a full tree is constructed. Note that the external points of the tree are either inputsignals (i.e. D0 or D1) or random constants.These rules of construction produce a tree (S-expression) that we would call a "neural network."The structure consists of linear threshold processing elements (the "P" functions) that processweighted inputs to produce a discrete signal (i.e. 0 or 1) as its output. The number of inputs to aprocessing element (P function) can vary; however, the inputs are always weighted signal lines.The weights may be a single numeric constant or can be the result of a composition of arithmeticoperations and random constants. The signal lines can be the input to the network from the outside,the output of other processing elements, or compositions of arithmetic operations and random

83constants. If a signal line consists only of a composition of arithmetic operations and randomconstants, it is called a bias.Consider the following LISP S-expression representing a neural network which l00% correctlyperforms the exclusive-or task on the inputs D0 and D1:(P (W (+ 1.1 0.741) (P (W 1.66 D0) (W -1.387 D1))) (W (* 1.2 1.584) (P (W 1.191 D1) (W -0.989 D0)))).This S-expression can be graphically depicted as the a rooted tree below:PD1W1.191W-0.989D0P1.66D0W-1.387WD1PW+0.7411.1W*1.5841.2The root of this tree contains the linear threshold processing function P with two arguments. Thefunctions at the level immediately below the P function are both multiplication (*) functions. Theleft argument of the left-most multiplication function is a random constant 1.841. The rightargument of the left-most multiplication function is the output of another linear thresholdprocessing function P with two arguments. The functions at the level immediately below thissecond P function are both multiplication (*) functions. The arguments to the left multiplicationfunction of this second P function are the random constant 1.66 and the input data signal D0. Thearguments to the right multiplication function of this second P function are the random constant-1.387 and the input data signal D1.This S-expression can be converted to the form that one would typically see in the neural networkliterature to the following:1.8411.901P1D0D11.66-1.387P2D0D1-0.9891.191P3Here the input signal D0 is weighted by 1.66 and the input signal D1 is weighted by -1.387 so thatthese two weighted input signals become the input to the linear threshold processing function P2with two input lines. Since the input D0 is either 0 or 1, the first input line to P2 is either 0 or 1.66.Similarly, the second input line to P2 is either 0 or -1.387. The linear threshold processing func-tion P2 adds up its two weighted input lines and emits a 1 if the sum exceeds the threshold of 1.0and emits a 0 otherwise. If D0 and D1 are both 0, the sum of the inputs will be 0 (which is lessthan the threshold of 1) and therefore, P2 will emit 0. If D0 is 1 and D1 is 0, the sum will be 1.66and P 2 will emit a 1. If D0 is 0 and D1 is 1, the sum will be -1.387 and P2 will emit a 0. If both

84D0 and D1 are 1, the sum will be 0.273 . This is less than the threshold of 1.0. Thus, P2 will emita 0. In other words, P2 emits a 1 if and only if the input lines are 10.Similarly, the input signal D0 is weighted by -0.989 and the input signal D1 is weighted by 1.191so that these two weighted input signals become the input to the linear threshold processing func-tion P3 with two input lines. As will be seen, P3 will emit a 1 if and only if the input signals are01.Then, the output of P2 is weighted by 1.841 and the output of P3 is weighted by 1.901 so thatthese two weighted input signals become the input to the linear threshold processing function P1with two input lines. As will be seen, the effect of these weights is that the weighted sum of the in-puts to P1 exceeds the threshold of 1.0 if and only if either signals coming out of P2 and P3, orboth, are non-zero.In other words, the output of P1 is 1 if either (but not both) D0 or D1 are 1, andthe output of P is 0 otherwise.That is, the output P1 is the exclusive-or function on the inputs D0 and D1.If there is more than one output signal from the neural network, the output signals from the neuralnetwork are returned as a LIST in the manner described above for multiple regression. That is, thefunction set is enlarged to F = {LIST, P, W, +, -, *, %}. The rules of construction for neuralnetworks with more than one output signal require that the root of the tree must be a LISTfunction. The number of arguments to the function LIST equals the number of output signals.This is the only time the LIST function is used in the S-expression. Then, the rules of constructionrequire that the function at the level of the tree immediately below the LIST function must be linearthreshold processing element functions P. Thereafter, the previously described rules ofconstruction apply.For example, the following LISP S-expression represents a neural network with two outputsignals:(LIST (P (W D1 -1.423) (W D0 (+ 1.2 0.4)) (P (W D0 (* -1.7 -0.9)) (W D0 (- 1.1 0.5)))).The first argument to the LIST function is shown in underlined bold type. This first argumentrepresents the first of the two output signals. This first output signal is the output from one linearthreshold processing element. This linear processing element has two input lines. The first inputline is connected to data signal line D1 and is weighted (multiplied) by -1.423 as it comes into thelinear threshold processing element. The second input line is connected to input data signal line D0and is weighted by the sum (+ 1.2 0.4 ) as it comes into the linear threshold processing element.The second argument to the LIST function is the second output signal and has a similarinterpretation.Note that a given input data signal (such as D0 or D1) can appear in more than one place in the tree.Thus, it is possible to create connectivity between any input data signal and any number ofprocessing elements. Similarly, the "define building block" operation (section 7.4 below) makes itpossible to have connectivity between the output from any linear processing element function P andthe inputs of other linear processing element functions. The connectivity created using the "definebuilding block" operation can even create feedback (i.e. a recurrent neural network); however, ifonly a feed-forward neural networks is desired, an additional rule of construction could implementthat restriction.In what follows, we show how to simultaneously find both the "architectural design" and the"training" of the neural network.As an example, we seek to design a neural network to perform the task of adding two one-bitinputs to produce two output bits.The environment for the task of adding two one-bit inputs to produce two output bits consists ofthe four cases representing the four combinations of binary input signals that could appear on D0

85and D1 (i.e. 00, 01, 10, and 11). The correct outputs (00, 01, 01, and 10, respectively) are thenassociated with each of these four environmental cases (i.e. 00, 01, 10, and 11). The raw fitnessfunction would add up the differences between the output signals from the neural network and thecorrect value of the one-bit adder function.The crossover operation selects the crossover point in the first parent without restriction. However,once the crossover point is selected for the first parent, the crossover point for the second pointmust be of the same "type." For this problem, there are four "types" of points, namely (1) a pointcontaining a processing element function P, (2) a point containing a weighting function W, (3) apoint containing an input data signal (such as D0 or D1), and (4) a point containing an arithmeticoperation or a random constant.In one run, an individual emerged on generation 31 which l00% correctly performs the one-bitadder task. This individual was simplified by consolidating each sub-expression consisting of onlynumerical constants and arithmetic operations into a single numerical constant (weight).(LIST (P (W 1.53 (DF103)) (W 1.30 (P (W 5.25 (P (W -1.62 (P (W 0.99 D1) (W 0.043 D1))) (W 1.21 D0))) (W 0.50 (P (W -1.01 D1) (W 0.29 D0)))))) (P (W -0.22 (DF111)) (W 1.21 D0))).This individual is graphically depicted below.LIST-0.22DF111WP1.21WD0PW1.30P5.25WP-1.62WP0.99WD10.043WD11.21WD00.50WP-1.01WD10.29WD01.53DF103W

86Note that this S-expression contains two defined functions (DF103 and DF111). Defined function103 is defined so as to return the S-expression shown below:DF103 = (P (W 1.052 D1) (W -1.496 D0))Defined function DF103 is graphically depicted below:-1.496WD0PD11.052WSimilarly, defined function DF111 is defined so as to return the S-expression below:DF111 =(P (W 5.25 (P (W -1.62 (P (W 0.99 D1) (W 0.043 D1))) (W 1.51 (P (W -0.42 D1) (W 1.57 D0))))) (W -0.48 (P (W -0.017 D1) (W 0.077 D0))))Defined function 111 is graphically depicted below:P-0.48W0.077WD0PD1-0.017W5.25WPW1.511.57WD0PD1-0.42W-1.62W0.043WPD10.99WD1If the two defined functions (DF103 and DF111) are then inserted into the S-expression, we obtainthe S-expression below. In this S-expression, the expanded version of the two defined functionsare shown in bold type.

87(LIST (P (W 1.53 (P (W 1.052 D1) (W -1.496 D0))) (W 1.30 (P (W 5.25 (P (W -1.62 (P (W 0.99 D1) (W 0.043 D1))) (W 1.21 D0))) (W 0.50 (P (W -1.01 D1) (W 0.29 D0)))))) (P (W -0.22 (P (W 5.25 (P (W -1.62 (P (W 0.99 D1) (W 0.043 D1))) (W 1.51 (P (W -0.42 D1) (W 1.57 D0))))) (W -0.48 (P (W -0.017 D1) (W 0.077 D0))))) (W 1.21 D0)))In the above S-expression, the first element of the LIST is the low order bit of the result. Uponexamination, this first element is equivalent to (OR (AND D1 (NOT D0)) (AND D0 (NOT D1))),which is the exclusive-or function of the two input bits D0 and D1. This is the correct expressionfor the low order bit of the result.The second element of the LIST is the high order bit of the result. Upon examination, this secondelement is equivalent to (AND D0 (NOT (OR (AND D0 (NOT D1)) (NOT D1))), which isequivalent to (AND D0 D1). This is the correct expression for the high order bit of the result.It is important to recall that each of the numeric constants in all of the S-expressions above is aconsolidation of a sub-expression involving arithmetic operations and random constants. Toillustrate this, we have highlighted one of the numeric constants (weights), namely the 5.25occurring approximately in the middle of the S-expression above by underlining it and placing it inbold type. This highlighted S-expression is shown below:(LIST (P (W 1.53 (P (W 1.052 D1) (W -1.496 D0))) (W 1.30 (P (W 5.25 (P (W -1.62 (P (W 0.99 D1) (W 0.043 D1))) (W 1.21 D0))) (W 0.50 (P (W -1.01 D1) (W 0.29 D0)))))) (P (W -0.22 (P (W 5.25 (P (W -1.62 (P (W 0.99 D1) (W 0.043 D1)))(W 1.51 (P (W -0.43 D1)(W 1.57 D0))))) (W -0.48 (P (W -0.017 D1) (W 0.076 D0))))) (W 1.21 D0))).The process of consolidating sub-expressions consisting of only numerical constants andarithmetic operations can be illustrated by considering the sub-expression that gave rise to theweight 5.25 (underlined in bold type above). This weight arose from the following S-expression:

88(% (+ (* (% 0.865 -1.058) (* -0.354 0.843)) (+ (% 1.082 -0.728) (- 0.543 0.265))) (* (+ -0.549 (* 1.71 0.49)) -0.636)).This sub-expression for the numerical constant (weight) 5.25 is depicted graphically below:1.710.49*-0.549+-0.636*1.082-0.728%-0.5430.265-+*-0.3540.8430.865-1.058%*+%

895. SUMMARY OF HOW TO USE THE ALGORITHMIn this section, we summarize the six major steps necessary for using the "genetic programming"paradigm. These majors steps involve determining (1) the set of terminals, (2) the set of function,(3) the environmental cases, (4) the fitness function, (5) the parameters for the run, and (6) thetermination criterion and method for identifying the solution.5 . 1 . IDENTIFYING THE SET OF TERMINALSThe first major step is to identify the set of terminals for the problem. The set of terminals must, ofcourse, be sufficient to solve the problem. The step of of correctly identifying the variables whichhave explanatory power for the problem at hand is common to all science. For some problems, thisidentification may be simple and straightforward. For example, in the broom-balancing problem,the physics of the problem dictate that the velocity of the cart, the angle of the broom, and theangular velocity of the broom are the state variables having explanatory power for the problem. Inthe sequence induction problem, the sequence index II is the single necessary variable atom(terminal). Needless to say, the set of variables must be sufficient to express the solution to theproblem. For example, if one were given only the diameter of each planet and the color of itssurface, one would not be able to discover Kepler�s Third Law for the period of the planet.Constant atoms, if required at all, can enter a problem in two ways. One way is to use the"constant creation" procedure involving the ephemeral random constant atom "R" described earlier.In this event, the type of such random initial constants is chosen to match the problem. Forexample, in a Boolean domain, the constants are T and NIL; in an integral domain, the constantsare integers in a certain range; and in a real-valued problem domain, the constants might be floatingpoint values in a certain range. The second way for constant atoms to enter a problem is byexplicitly including them. For example, one might include p in a particular problem where there isa possibility that this particular constant would be useful. Of course, if one failed to include p insuch a problem, the genetic programming paradigm paradigm would probably succeed inapproximately creating it (albeit at a certain cost in computational resources) in the mannerdescribed above.5 . 2 . IDENTIFYING THE FUNCTION SETThe second major step is to identify a sufficient set of functions for the problem. For some prob-lems, the identification of the function set may be simple and straightforward. For real-valued do-mains, the obvious function set might be the set of 4 arithmetic operations, namely, {+, -, *, %}.In a Boolean function learning domain, for example, the function set {AND, OR, NOT, IF} mightbe the choice since it is computationally complete and convenient (in that the IF function often pro-duces easily understood logical expressions). If ones interests lie in the domain of design of semi-conductor logic layout, a function set consisting only of the NAND function might be most con-venient.If the problem involves economics (where growth rates and averages often play a role), the func-tion set might also include an exponential, logarithmic, and moving average function in addition tothe four basic arithmetic operations. Similarly, the SIN and COS functions might be useful addi-tions to the function set for some problems.Some functions may be added to the function set merely because they might possibly facilitate asolution (even though the same result could be obtained without them). For example, one mightinclude a squaring function in certain problems (e.g. broom balancing) even though the same resultcould be attained from the simple multiplication function (albeit at a cost in computational re-sources).In any case, the set of functions must be chosen so that any composition of the available functionsis valid for any value that any available variable atom might assume. Thus, if division is to be

90used, the division function must be modified so that division by zero is well-defined. The result ofa division by zero could be defined to be zero, a very large constant, or a new value such as theCommon LISP keyword �:infinity�. If one defined the result of a division by zero as the keyword�:infinity," then, each of the other functions in the function set must be written so that it is well-de-fined if this ":infinity" value happens to be one of its arguments. Similarly, if square root is one ofthe available functions, it could either be a specially defined real-valued version that takes thesquare root of the absolute value of the argument (as was used in the broom balancing problem) orit could be the Common LISP complex-valued square root function SQRT (as was used in thequadratic equation problem).Common LISP is quite lenient as to the typing of variables; however, it does not accommodate allof the combinations of types that can arise when computer programs are randomly generated andrecombined via crossover. For example, if logical functions are to be mixed with numerical func-tions, then some kind of a real-valued logic should be used in lieu of the normal logical functions.For example, the greater than function GT used in the broom balancing problem assumed the realvalue 1.0 if the comparison relation was satisfied and the real value 0.0 otherwise.Note that the number of arguments must be specified for each function. In some cases, this specifi-cation is obvious or even mandatory (e.g. the Boolean NOT function, the square root function).However, in some cases (e.g. IF, multiplication), there is some latitude as to the number of argu-ments. One might, for example, include a particular function in the function set with differingnumbers of arguments. The IF function with two arguments, for example is the IF-THEN func-tion, whereas the IF function with three arguments is the IF-THEN-ELSE function. The multipli-cation function with three arguments might facilitate the emergence of certain cross product termsalthough the same result could be achieved with repeated multiplication function with two argu-ments. It is often useful to include the Common LISP PROGN (�program�) form with varyingnumber of arguments in a function set to act as a connective between the unknown number of stepsthat may be needed to solve the problem.The choice of the set of available functions, of course, directly affects the character of the solutionsthat can be attained. The set of available function form a basis set for generating potential solu-tions. For example, if one does symbolic regression on the absolute value function on the interval[-1, +1] with a function set containing the If-Then-Else function and subtraction, one obtains asolution in the familiar form of a conditional test on x that returns either x or -x. On other hand, ifthe function set happens to contain COS, COS3 (i.e. cosine of 3 times the argument), COS5 (i.e.cosine of 5 times the argument) instead of the If-Then-Else function, one gets two or three terms ofthe familiar Fourier series approximation to the absolute value function. Similarly, we have seencases where, when the exponential function (or the SIGMA summation operator) was not availablein a problem for which the solution required an exponential, the first one or two polynomial termsof the Taylor series in the solution, in lieu of the missing ex.It should be noted that the necessary preliminary selection of appropriate functions and terminals isa common element of machine learning paradigms. For example, in using techniques in the ID3family for inducing decision trees, the necessary preliminary selection of the set of available"attribute-testing" functions that appear at the nodes of the tree (and the exclusion of other possiblefunctions) corresponds to the process of choosing of functions here. Similarly, if one wereapproaching the problem of the 16-puzzle using SOAR, the necessary preliminary selection of theset of 24 operators for moving tiles in the puzzle corresponds to the process of choosing offunctions here. Similarly, if one were approaching the problem of designing a neural network tocontrol an artificial ant, as Jefferson, Collins et. al. successfully did (1990), the necessarypreliminary selection of the functions (turn-left, turn-right, sense, move) corresponds to theprocess of choosing of functions here.Naturally, to the extent that the function set or terminal set contains irrelevant or extraneouselements, the efficiency of the discovery process will be reduced.

915 . 3 . ESTABLISHING THE ENVIRONMENTAL CASESThe third major step is the construction of the environment for the problem. In some problems, thenature of the environment is obvious and straight-forward. For example, in sequence induction,symbolic function identification (symbolic regression), empirical discovery, and Boolean functionlearning problems, the environment is simply the value(s) of the independent variable(s) associatedwith a certain sampling (or, perhaps, the entire set) of possible values of the dependent variable(s).In some problems (e.g. block-stacking, broom-balancing), the environment is a set of �startingcondition� cases. In some problems where the environment is large (e.g. block-stacking), a ran-dom sampling or a structured representative sampling can be used. For example, the environmentalcases for the symbolic regression problem, equation involving problems, differential gameproblem, and broom balancing problem were randomly selected floating points numbers in a spec-ified range.5 . 4 . IDENTIFYING THE FITNESS FUNCTIONThe fourth major step is construction of the fitness function. For many problems, the fitness func-tion is the sum of the distances (taken over all the environmental cases) between the point in therange space returned by the S-expression for a given set of arguments and the correct point in therange space. One can use the sum of the distances or the square root of the sum of the squares ofthe distances in this computation.For some problems, the fitness function is not the value actually returned by the individual S-expression in the population, but some number (e.g. elapsed time, total score, cases handled, etc.)which is indirectly created by the evaluation of the S-expression. For example, in the broombalancing problem, raw fitness is the average time required by a given S-expression to balance thebroom. The goal is to minimize the average time to balance the broom over the environmentalcases. In the "artificial ant" problem, the score is the number of stones on the trail which theartificial ant successfully traverses in the allowed time. Since the goal is to maximize this score, theraw fitness is the maximum score minus the score attained by a particular S-expression. In theblock stacking problem, the real functionality of the functions in an individual S-expression in thepopulation is the side effect of the S-expression on the state of the system. Our interest focuses onthe number of environmental starting condition cases which the S-expression correctly handles.That is, the goal is to maximize the number of correctly handled cases. Since raw fitness is to bedefined so that the raw fitness is closer to zero for better S-expressions, raw fitness is the numberof cases incorrectly handled.As we saw in the second version of the block-stacking problem (where both efficiency andcorrectness were sought) and in the solution of differential equations (where both the solutioncurve and satisfaction of initial conditions were sought), the fitness function can incorporate bothcorrectness and a secondary factor.It is important that the fitness function return a spectrum of different values that differentiate theperformance of individuals in the population. As an extreme example, a fitness function thatreturns only two values (say, a 1 for a solution and a 0 otherwise) provides insufficientinformation for guiding guide an adaptive process. Any solution that is discovered with such afitness function is, then, essentially an accident. An inappropriate selection of the function set inrelation to the number of environment cases for a given problem can create the same situation. Forexample, if the Boolean function OR is in the function set for the exclusive-or problem, thisfunction alone satisfies three of the four environment cases. Since the initial random population ofindividuals will almost certainly numerous S-expressions equivalent to the OR function, we areeffectively left with only two distinguishing levels of the fitness (i.e. 4 for a solution and 3otherwise).5 . 5 . SELECTING THE PARAMETERS FOR THE RUNSThe fifth major step is the selection of the major and minor parameters of the algorithm and a deci-sion on whether to use any of the four secondary genetic operations (described in section 7 below).

92The selection of the population size is the most important choice. The population size must bechosen with the complexity of the problem in mind. In general, the larger the population, the better(Goldberg 1989). But, the improvement due to a larger population may not be proportional to theincreased computational resources required. Some work has been done on the theory of how to op-timally select the population size for string-based genetic algorithms (Goldberg l989); however, wecan offer no corresponding theoretical basis for this tradeoff for hierarchical genetic algorithms atthis time. Thus, selection of the population size lies in a category of external decisions that must bemade by the user. In that respect, this decision is similar to the selection of the number of process-ing elements in neural nets, the selection of the string size for the condition parts of classifier sys-tem rules, and the selection of testing functions in ID3 type inductive systems. The problem ofoptimally allocating computer resources (particularly, population size and number of generations)over runs, the problem of optimally selecting other key parameters (such as percentage ofindividuals to participate in crossover and other genetic operations), and the problem of optimallyparallelizing runs (e.g. cross migration versus independent isolated runs) are unsolved problemsfor all types of genetic algorithms.5 . 6 . TERMINATION AND SOLUTION IDENTIFICATIONFinally, the sixth major step is the selection of a termination criterion and solution identificationprocedure. The approach to termination depends on the problem. In many cases, the terminationcriterion may be implicitly selected by merely selecting a fixed number of generations for runningthe algorithm. For many problems, one can recognize a solution to the problem when one sees it(e.g. problems where the sum of differences becomes zero or acceptably close to zero). However,for some problems (such as time-optimal control strategy problems where no analytic solution isknown), one cannot necessarily recognize a solution when one sees it (although one can recognizethat the current result is better than any previous result or that the current solution is in the neigh-borhood of some estimate of the solution). The solution identification procedure used in this paperis to identify the best single individual of some generation where the termination criterion is satis-fied as the solution to the problem (�winner takes all�).There are numerous opportunities to use domain specific heuristic knowledge in connection withthe genetic programming paradigm. Many of these areas have been studied in connection withstring-based genetic algorithms (Grefenstette 1987b). First, it may be useful to include domainspecific heuristic knowledge in creating the initial random population. For example, one mightinclude sub-programs believed to be useful for solving the problem at hand in the initial randompopulation. Or, one might use a probability distribution other than the uniform distribution toinitially select the functions and terminals when the initial random individuals are randomlygenerated. Secondly, domain specific heuristic knowledge may be helpful in over-selecting orunder-selecting certain points in the computer programs for the crossover operation. This mayeven include protecting certain points from selection for crossover under certain circumstances orrequiring certain points to be selected for crossover under certain circumstances. Thirdly, domainspecific heuristic knowledge may be useful in varying the parameters of the run based oninformation gained during the run. Fourth, domain specific heuristic knowledge can be used in theselection of the set of available functions and terminals for the problem so that this set is not merelyminimally sufficient to solve the problem, but so that the set of available functions and terminalsactively facilitates solution of the problem.The extent to which one uses such domain specific heuristics is, of course, dependent on whetherthe primary objective is to solve a specific problem at hand or to study the process in the puresttheoretical form. We have chosen not to use such domain specific heuristics in the work reportedhere.

936 . COMPUTER IMPLEMENTATIONThe author’s computer program, consisting of 11562 lines of Common Lisp code, was primarilyrun on a Texas Instruments Explorer II+� computer with a 40 megahertz LISP microprocessorchip with 32 megabytes of internal memory and a half gigabyte of external hard disk memory.Some runs were run on a microExplorer� computer (an Apple Macintosh II� computer with aTexas Instruments LISP expansion board) and some were run on a 4-node parallel Explorer MP�computer.6.1. COMPUTER INTERFACERobertson (1987) points out that an informative and interactive interface is an invaluable tool incarrying out computer experiments in the field of machine learning. Accordingly, the computerprogram used here has extensive interactivity, including eight full color graphs and five additionalpanes. There are various mouse-sensitive points for inspecting progress of a run while it isexecuting. The figure below shows this computer interface.

94The first (upper left) graph dynamically tracks the average normalized fitness of the population.This graph also tracks the number of �hits� for the best single individual of each generation forproblems where exact matches are possible (or the number of �near hits� for real-valued numericalproblems). This number of �hits� or �near hits� is not used by the genetic algorithm in any way.The the number of �hits� or �near hits� are used only for monitoring the progress of runs andmaking the description of the run more understandable.The second (upper right) graph dynamically tracks the average raw fitness of the population foreach generation, the raw fitness of the best individual in the population, and the raw fitness of theworst individual in the population for each generation. This graph also displays the "baseline"average raw fitness of the initial random population as a dotted line.The third graph is the �hits histogram� showing the number of individuals in the population with aparticular number of �hits� (or �near hits�, for numerical problems) for a particular generation.This histogram a particularly informative view of the learning process. The horizontal axis of thehits histogram is the number of hits. The vertical axis of the hits histogram represents the numberof individuals in the population with that number of hits. At the initial random generation, the bulkof the population appears at the far left of the histogram (with perhaps 0 or 1 hits). Then, after afew generations, the center of gravity of the hits histogram typically starts shifting from left toright. As learning takes place, this undulating �slinky� movement from left to right continuesduring the run. Finally, in the late stages of a run, individuals representing a perfect solution to theproblem may start appearing at the far right of the histogram (which represents the maximumnumber of hits). Complete convergence occurs when 100% of the population becomesconcentrated at the far right of the histogram. The possibility of premature convergence issuggested by a concentration of the population at one single sub-optimal number of hits in thehistogram (and is verified by the fact that the individuals scoring that number of hits are identical).In contrast, normal progress towards a solution is typically indicated by a broad �flowing�distribution of individuals over many different numbers of hits in the histogram.The fourth graph is a �fitness histogram� showing the number of individuals in the populationhaving a fitness lying in a particular decile range of fitness values.The fifth graph shows the best single S-expression of the current generation in both graphical andsymbolic form. The internal and external points of the tree representing the S-expression arelabeled with the appropriate functions and terminals. The sixth window shows the entire singlebest S-expression regardless of size.The seventh window is used only on a subset of problems described in this paper, namely, thebroom balancing problem. It shows the current state of the cart and broom.The eighth graph is used only in a subset of the problems described in this paper to graphicallydisplay the single best individual in the population. The best S-expression typically changes witheach generation. The vertical axis is the range of the target function. In the problems of sequenceinduction, symbolic function identification, symbolic regression, symbolic integration, symbolicdifferentiation, symbolic solution to differential equations, chaos, empirical discovery, and powerseries problems, this graph dynamically graphs the �target� function and the best individual S-expression from the current generation. In the symbolic integration and symbolic differentiationproblems, the graph of the integral or derivative of the current best S-expression is added as anadditional item. In the broom balancing problem, this graph is a three dimensional graph of thecontrol surface.The first (top) pane is a non-scrolling pane that provides general information about the run.The second pane displays all the parameters of the run and may be updated with each individual S-expressions (and associated statistics) for the entire population for each generation (or selectedgenerations) of the run. This window can be scrolled so that the progress of the run can be studied.

95The third pane displays the number of hits achieved on the last generation of each previous run ofthe same problem. It is used for monitoring series of runs.The fourth pane displays all the parameters of the run and is updated with two lines of informationfor each generation of the run. This information includes the single best individual S-expressionfor that generation, the raw fitness, adjusted fitness, normalized fitness, and number of hits for thebest single individual in the population for that generation; the number of hits for the worstindividual; and the average fitness of the population for that generation. This window can bescrolled so that the progress of the run can be studied.The fifth pane is the LISP command pane.6.2. SPECIAL PROBLEMS OF COMPUTER IMPLEMENTATIONIn order to replicate the results reported herein or to further explore the potential of the �geneticprogramming� paradigm described in this article, it is first necessary to implement the algorithm ona computer. Because the paradigm described herein involves executing and modifying computerprograms in non-standard ways and because these computer programs were either originally gen-erated at random or created genetically, a number of practical computer implementation issues cometo the forefront. Some of the techniques required are not described in the available documentationof the relevant programming languages or computing machines and some do not work as onemight reasonably expect. In this section, we discuss some of the many pitfalls that abound in thisarea.First, it should be noted that if the experimenter chooses to use the Common LISP function EVALto implement the measurement of fitness of individual LISP S-expressions, the evaluation willwork correctly only if all of the variable atoms appearing in the given S-expressions are globalvariables.Secondly, the most efficient implementation of the crossover operation known to the author usesthe COPY-TREE and RPLACA functions in LISP. First, the COPY-TREE function is used tomake a copy of each parent. Then, the RPLACA function is used to destructively change thepointer of the CONS cell of the copy of one parent at its crossover point so that it points to thecrossover fragment (subtree) of the copy of the other parent. Then, the RPLACA function is usedto destructively change the pointer of the CONS cell of the copy of second parent at its crossoverpoint so that it points to the crossover fragment (subtree) of the copy of the first parent. After de-structively changing the pointers in the copies, the resulting altered copies become the offspring.The original parents remain in the population and can often repeatedly participate in other opera-tions during the current generation. That is, the selection of parents is done with replacement (i.e.reselection) allowed.Third, because the genetic programming paradigm described herein involves executing randomlygenerated computer programs, the individuals in the initial random population as well as the indi-viduals produced in later generations of the process often have sub-expressions which evaluate toastronomically large numbers or very small numbers. When the range is integral, the BIGNUMmode is automatically used in the Common LISP programming language. In this mode, integernumbers can grow arbitrarily large (limited only by the virtual address space of the machine).Thus, the potential growth in size of the integers produced by the randomly generated S-expres-sions presents no problem, as a practical matter. On the other hand, when the range is real-valued,floating point overflows or underflows will frequently occur. In problems involving such floatingpoint variables, it is therefore a practical necessity to wrap the entire algorithm in error handlers thataccommodate every possible kind of floating point underflow and overflow applicable to the par-ticular computer involved.Fourth, it is important to note that this hierarchical genetic algorithm (as with genetic algorithms ingeneral) is probabilistic in the following four different ways: (a) the initial population is typicallygenerated entirely at random from the available functions and terminals; (b) both parentalindividuals participating in the crossover operation are chosen at random; (c) the crossover points

96within each parent are selected at random (using a probability distribution); and (d) the individualsundergoing the operation of fitness proportionate reproduction are chosen randomly in proportionto normalized fitness. Thus, in implementing genetic algorithms on a computer, it is important tohave an effective randomizer that is capable of producing the stream of seemingly independentrandom integers needed by the algorithm. Many randomizers originally written for the purpose ofgenerating random floating point numbers are not suitable for this purpose. A randomizer with 3independent seeds was used here. It is also important to have the option of seeding the randomizerso that interesting runs can potentially be replicated (e.g. perhaps with additional details displayed,such as the audit trail mentioned above).Fifth, in problems involving iteration with a DU (�Do-Until�) operator, a DUL operator, or aSIGMA summation operator, it is necessary to suppress premature evaluation of the WORK andPREDICATE arguments (if any) of the operator. Neither the WORK argument nor thePREDICATE argument (if any) of such operators are to be evaluated outside the operator. Instead,these argument(s) must be evaluated dynamically inside the operator on each iteration. Because ofthe evaluation model of Common LISP, such operators cannot be implemented directly as func-tions in Common LISP. The reason is that the argument(s) would be evaluated prior to entry intothe function and the operator would, for example, then merely repeatedly evaluate the value of theWORK as opposed to doing the WORK itself.This problem can be solved by implementing such iterative operators as a Common LISP macrowith a related function. For example, the iterative DU operator should expand into, for example,�(DU-1 �,WORK �,PREDICATE) (Rice 1989). Then the body of the related function DU-1 isimplemented so as to have the desired iterative behavior (i.e. (LOOP DO (EVAL WORK)UNTIL (EVAL PREDICATE))). This is possible because the arguments to the sub-expressionsWORK and PREDICATE are bound in the global environment. We could, in principle, have ad-dressed this problem by introducing a quoting operator into the set of functions so as to allow DUto have the semantics of DU-1. But this approach results in incorrect performance whenever theQUOTE function happens to occur at a crossover point and becomes separated from its intendedargument. Moreover, some implementations of Common LISP (the Texas Instruments Explorermachines being among this group) use a technique called �macro displacement� to side-effect pro-grams being interpreted with the macro-expanded version. This has the beneficial effect of speed-ing up execution by incurring the cost of the macro-expansion only once. However, because thistechnique side-effects the program itself, if macro displacement is not disabled for genetic opera-tors, then crossover that occurs on individuals after macro-expansion may see forms that are intro-duced by the macro-expander, not forms that are really part of the problem. On Texas Instrumentsmachines, this behavior can be disabled by setting �si:inhibit-displacing-flag� to T.Sixth, when iterative operators (such as DU, DUL, and SIGMA) are used, individual S-expres-sions in the population will often contain an unsatisfiable termination predicates. Thus, it is a prac-tical necessity (when working on a serial computer) to place limits on both the number of iterationsallowed by any one execution of a such an operator. Moreover, since the individuals S-expressionsin the genetic population often contain deep nestings of such operators, a similar limit must beplaced on the total number of iterations allowed for all such operators that may be evaluated in theprocess of evaluating any one individual S-expression for any particular environmental case. Thus,the termination predicate of each operator is actually an implicit disjunction of the explicit predicatefor that operator and two additional implicit termination predicates. The typical "time out" limitsthat we have used are that the DU operator "times out" if there have been more than 25 iterationsfor an evaluation of a single DU operator or if there have been a total of more than 100 iterationsfor all DU operators that are evaluated for a particular individual S-expression for a particularenvironmental case. Of course, if we could execute all the individual LISP S-expressions inparallel (as nature does) so that the infeasibility of one individual in the population does not bringthe entire process to a halt, we would not need these limits. Note, however, that even when a DUoperator times out, it nevertheless returns a value. In particular, the DU operator evaluates to Tunless one of the two implicit termination predicates times out. The value resulting from this eval-

97uation of the DU operator is, of course, in addition to the side effects of the DU function on thestate variables of the system (particularly the STACK and TABLE in the block-stacking problem).If the predicate of a DU operator is satisfied when the operator is first called, then the DU operatordoes no work at all and simply returns a T. The DUL operator and the SIGMA operator are treatedsimilarly.Seventh, for all but the simplest problems discussed in this paper, the overwhelming majority ofcomputer time is consumed by the evaluation of fitness of the individuals (rather than, as one mightsuppose, the actual genetic operations or other administrative aspects of the program). This is alsooften true for genetic algorithm problems in general. When the fitness calculation consumes theoverwhelming majority of computer time, then fine-grained parallelism (as opposed to coarse-grained parallelism) and the techniques of data parallelism confer no particular advantage.Similarly, if this concentration exists, ones efforts at optimization must necessarily be focused al-most entirely on the relatively small number of lines of code that are used to compute fitness (overthe various environmental cases of the particular problem). One highly effective way to optimizethe fitness calculation is to create a look-up table of S-expressions that have been previously en-countered so that their fitness need not be recomputed. This hash table can span both generationsand runs (provided the environmental cases remain the same). Note that the technique of look-uptables is, however, inconsistent with the technique of changing the environmental cases on everygeneration so as to minimize the possible bias arising from the necessarily small sampling ofenvironmental cases used on problems where fitness computations are time-consuming.Eighth, many problems involve time-consuming transcendental functions (e.g. EXP, SIN, COS)that are computed via Taylor power series. In some problems, both the initial randomly-generatedindividuals and the later genetically-created individuals in the population often contain multiple oc-currences of these functions within a single individual. On other problems, these functions appearin the state transition equations of the problem, rather than the individual S-expressions. In bothcases, a considerable amount of computer time can be saved by evaluating these functions via tablelook-up, rather than direct computation.6.3. MINOR PARAMETERS FOR CONTROLLING THE ALGORITHMFive minor parameters are used to control the process. Two of them control the frequency ofperforming the genetic operations; one of them controls the percentage of internal (function) pointschosen as crossover points; and two of them help conserve computer time.The same values of these five minor parameters were used in all problems described in this article.First, crossover was performed on 90% of the population for each generation. That is, if thepopulation size is 300, then 270 individuals (135 pairs) from each generation were selected (withreselection allowed) from the population with a probability equal to their normalized fitness.Second, fitness proportionate reproduction was performed on 10% of the population on eachgeneration. That is, 30 individuals from each generation were selected (with reselection allowed)from the population with a probability equal to their normalized fitness.Third, we used a non-uniform probability distribution over the potential crossover points in theparents. It allocates 90% of the crossover points equally amongst the internal (function) points ofeach tree. It also allocates the remainder (i.e. 10%) of the crossover points are allocated equallyamongst the external (terminal) points of each tree. We believe this non-uniform probabilitydistribution promotes the recombining of larger structures than would be the case with a uniformdistribution over all points (which may do an inordinate amount of mere swapping of terminalsfrom tree to tree in a manner more akin to point mutation as opposed to true recombining of"building block" substructures).Fourth, a maximum depth of 15 was established for S-expressions created by the crossoveroperation. This limit prevents large amounts of computer time being expended on a few extremelydeep (and usually highly unfit) individual S-expressions. Of course, if we could execute all the

98individual LISP S-expressions in parallel (as nature does) in a manner such that the infeasibility ofone individual in the population does not disproportionately jeopardize the resources needed by thepopulation as a whole, we would not need this kind of artificial limit. If a crossover between twoparents would create an individual whose depth would exceed this limit, the contemplatedcrossover operation is simply aborted and replaced with an instance of fitness proportionatereproduction for the two parents. This limit is typically reached only on a few crossovers per run(if any).Fifth, a maximum depth of 4 was established for the random individuals generated for the initialrandom generation (generation 0).The first three of these minor parameters are probably acceptable for most problems that might beencountered. It might be advisable to increase the last two of these minor parameters on problemswhere the structure of the solution is likely to be highly complex.

997 . ADDITIONAL OPERATIONSIn addition to the two primary genetic operations of fitness proportionate reproduction andcrossover, there are four secondary operations for modifying the structures undergoing adaptation.They are mutation, permutation, editing, and the �define building block� operation.7 . 1 . THE MUTATION OPERATIONThe mutation operation provides a means for introducing small random mutations into the popula-tion.The mutation operation is an asexual operation in that it operates on only one parental S-expres-sion. The individual is selected proportional to normalized fitness. The result of this operation isone offspring S-expression. The mutation operation selects a point of the LISP S-expression atrandom. The point can be an internal (function) or external (terminal) point of the tree. Thisoperation removes whatever is currently at the selected point and inserts a randomly generated sub-tree at the randomly selected point of a given tree. This operation is controlled by a parameterwhich specifies the maximum depth for the newly created and inserted sub-tree. A special case ofthis operation involves inserting only a single terminal (i.e. a sub-tree of depth 0) at a randomlyselected point of the tree. For example, in the figure below, the third point of the S-expressionshown on the left below was selected as the mutation point and the sub-expression (NOT D1) wasrandomly generated and inserted at that point to produce the S-expression shown on the rightbelow.ORANDD0D0D1ORANDD0D1NOTD1BeforeAfterThe mutation operation potentially can be beneficial in reintroducing diversity in a population thatmay be tending to prematurely converge. Our experience has been that no run using only mutationand fitness proportionate reproduction (i.e. no crossover) ever produced a solution to any problem(although such solutions are theoretically possible given enough time). In other words, �mutatingand saving the best� does not work any better for hierarchical genetic algorithms than it does forstring-based genetic algorithms. This negative conclusion as to the relative unimportance of themutation operation is similar to the conclusions reached by most research work on string-based ge-netic algorithms (Holland 1975, Goldberg 1989).7 . 2 . THE PERMUTATION OPERATIONThe permutation operation is both an extension of the inversion operation for string-based geneticalgorithms to the domain of hierarchical genetic algorithms and a generalization of the inversionoperation.The permutation operation is an asexual operation in that it operates on only one parental S-ex-pression. The individual is selected in a manner proportional to normalized fitness. The result ofthis operation is one offspring S-expression. The permutation operation selects a function

100(internal) point of the LISP S-expression at random. If the function at the selected point has k ar-guments, a random permutation is selected at random from the set of k! possible permutations.Then the arguments of the function at the selected point are permuted in accordance with the ran-dom permutation. Notice that if the function at the selected point happens to be commutative, thereis no immediate effect from the permutation operation on the value returned by the S-expression.The inversion operation for strings reorders the order of characters found between two selectedpoints of a single individual by reversing the order of the characters between the two selectedpoints. The operation described here allows any one of k! possible permutations to occur (of whichthe reversal is but one).The permutation operation can potentially bring closer together elements of a relatively high fitnessindividual so that they are less subject to later disruption due to crossover. However, like the mu-tation operation, our experience, after including the permutation operation in numerous runs ofvarious problems described herein, is that the benefits of this operation are purely potential andhave yet to be observed.7 . 3 . THE EDITING OPERATIONThe editing operation provides a means to edit (and simplify) S-expressions as the algorithm isrunning.The editing operation is applied after the new population is created through the action of the otheroperations. The editing operation is an asexual operation in that it operates on only one parental S-expression. The result of this operation is one offspring S-expression. All of the previously de-scribed operations operate on individuals selected in proportion to fitness. The editing operation isthe exception. The editing operation, if it is used at all, is applied to every individual S-expressionin the population.The editing operation recursively applies a pre-established set of editing rules to each S-expressionin the population. First, in all problem domains, if any sub-expression has only constant atoms asarguments, the editing operation will evaluate that sub-expression and replace it with the value ob-tained. In addition, the editing operation applies particular sets of rules that apply to various prob-lem domains, including rules for numeric domains, rules for Boolean domains, etc. In numericproblem domains, for example, the set of editing rules includes rules that insert zero whenever asub-expression is subtracted from an identical sub-expression and also includes a rule that inserts azero whenever a sub-expression is multiplied by zero. In Boolean problem domains, the set ofediting rules includes a rule that inserts X in place of (AND X X), (OR X X), or (NOT(NOT X)), etc. The editing operation is controlled by a frequency parameter which specifieswhether it is applied on every generation or merely a certain number of the generations.The main reason for the editing operation is convenience. It simplifies S-expressions and savescomputer resources. It also appears to improve overall performance slightly. The editing operationapparently improves performance by reducing the vulnerability of an S-expression to disruptiondue to crossover at points within a potentially collapsible, non-parsimonious sub-expression.Crossover at such points typically leads to counter-productive results. For example, consider thesub-expression (NOT (NOT X)). This sub-expression could be simplified to the more par-simonious sub-expression X. In this example, a crossover in the middle of this sub-expressionwould usually produce exactly the opposite Boolean result as the expression as a whole. In thisexample, the editing operation would prevent that kind of crossover from occurring by condensingthe sub-expression to the single term X.7 . 4 . THE �DEFINE BUILDING BLOCK� OPERATIONThe �define building block� operation is a means for automatically identifying potentially useful�building blocks� while the algorithm is running.The �define building block� operation is an asexual operation in that it operates on only one

101parental S-expression. The individual is selected proportional to normalized fitness. The operationselects a function (internal) point of the LISP S-expression at random. The result of this operationis one offspring S-expression and one new definition. The �define building block� operationworks by defining a new function and by replacing the sub-tree located at the chosen point by acall to the newly defined function. The newly defined function has no arguments. The body of thenewly defined function is the sub-tree located at the chosen point. The newly defined functions arenamed DF0, DF1, DF2, DF3, ... as they are created.For the first occasion when a new function is defined on a given run, �(DF0)� is inserted at thepoint selected in the LISP S-expression. The newly defined function is then compiled. The func-tion set of the problem is then augmented to include the new function. Thus, if mutation is beingused, an arbitrary new sub-tree grown at the selected point has the potential to include the newlydefined function.For example, consider the simple LISP S-expression (+ A (* B C)) shown, in graphicalform, below:+A*BCSuppose that the third point (i.e. the multiplication) is selected as the point for applying the "definebuilding block" operation. Then, the subtree for (* B C) is replaced by a call to the new "definedfunction" DFO producing the new S-expression (+ A (DF0)) shown, in graphical form, below:(DF0)A+This new tree has the call (DF0) in lieu of the sub-tree (* B C).At the same time, the function DFO was created. If this new "defined function" were written inLISP, it would be written as shown below:(defun DF0 () (* B C))In implementing this operation on the computer, the sub-tree calling for the multiplication of B andC is first defined and then compiled during the execution of the overall run. The LISP program-ming language facilitates this "define building block" operation in two ways. First, the form of dataand program are the same in LISP and therefore a program can be altered by merely performingoperations on it as if it were data. Secondly, it is possible to compile a new function during the ex-ecution of an overall run and then execute it.The effect of this replacement is that the selected sub-tree is no longer subject to the potentially dis-ruptive effects of crossover because it is now an indivisible single point. In effect, the newly de-fined indivisible function is a potential �building block� for future generations and may proliferatein the population in later generations based on fitness.Note that the original parent S-expression is unchanged by the operation. Moreover, since the se-lection of the parental S-expression is in proportion to fitness, the original unaltered parental S-ex-

102pression may participate in additional genetic operations during the current generation, includingreplication (fitness proportionate reproduction), crossover (recombination), or even another �definebuilding block� operation.

1038 . ROBUSTNESSThe existence and nurturing of a population of disjunctive alternative solutions to a problem allowsthe genetic programming paradigm to perform effectively even when the environment changes. Todemonstrate this, the environment for generations 0 through 9 is the quadratic polynomial x2 +x+2; however, at generation 10, the environment abruptly changes to the cubic polynomial x3 + x2+2x +1; and, at generation 20, it changes again to a new quadratic polynomial x2 +2x + 1. A per-fect-scoring quadratic polynomial for the first environment was created by generation 3.Normalized average population fitness stabilized in the neighborhood 0.5 for generations 3 through9 (with genetic diversity maintained). Predictably, the fitness level abruptly dropped to virtually 0for generation 10 and 11 when the environment changed. Nonetheless, fitness increased for gen-eration 12 and stabilized in the neighborhood of 0.7 for generations 13 to 19 (after creation of aperfect-scoring cubic polynomial). The fitness level again abruptly dropped to virtually 0 for gen-eration 20 when the environment again changed. However, by generation 22, a fitness level againstabilized in the neighborhood of 0.7 after creation of a new perfect-scoring quadratic polynomial.

1049 . PERFORMANCE MEASUREMENTIt is difficult to meaningfully compare performance among disparate machine learning paradigms.9 . 1 . FACTORS INVOLVED COMPARING MACHINE LEARNINGPARADIGMSA comparison of machine learning paradigms involves many different factors. Among these factorsare the following:¥the machine resources required to execute the algorithm (notably computer time and computermemory),¥the generality of the algorithm in terms of the range of problems that can be solved,¥the qualitative features of the output (e.g. presence of default hierarchies),¥the quantitative features of the output of the algorithm (e.g. parsimony),¥the ability of the algorithm to scale up,¥the extent and character of preprocessing of the inputs that is required,¥the intelligibility of the solution in terms of whether it is easily understood in terms appropriateto the problem domain involved,¥the amount of information about the size and shape of the ultimate solution that is explicitly (orimplicitly) provided by the user,¥the ability to provide an audit trail showing how the algorithms arrived at its solution to aproblem,¥the ability to verify the validity of the output,¥the ability to incrementally modify a solution and, in particular, the ability to robustly (i.e.rapidly and effectively) modify one solution to handle slightly different situations,¥the ability of the algorithm to yield near linear speed-ups in highly parallel computer architec-tures (and thereby solve very large problems),¥the ability of the algorithm to be fault-tolerant in the sense that the algorithm can operate rea-sonably well even if some of the processors or data are lost at some point during the run,¥the accuracy of the paradigm, and¥the probabilistic or deterministic nature of the algorithm.We do not attempt to make a thorough comparison of the various machine learning paradigms here.Even comparing a seemingly quantitative factor as computer time requires selecting benchmarkproblems from an infinity of potential problems. Some paradigms are especially well suited tosolving certain types of problems. More importantly, some paradigms simply cannot solve certaintypes of problems at all. Nothing is as slow as never in solving a particular problem! Limiting thetest suite of problems to the lowest common denominator of problems solvable by all existing ma-chine learning paradigms merely favors the most specialized paradigms with the least problem-solving power. On the other hand, broadening the test suite, in effect, automatically negativelyprejudges all paradigms which cannot solve (or are not well suited to solving) the added problems.Even comparing a seemingly quantitative factor as computer time requires selecting a particularcomputer on which to make the benchmark comparison. Various computers may be more or lesswell suited for executing certain paradigms. For example, a particular parallel computer architecturemay be advantageous or disadvantageous to certain paradigms; a machine with a modest amount ofmemory may be advantageous or disadvantageous to certain paradigms; a LISP workstation wouldbe especially well-suited to a LISP paradigm while other nominally fast workstations often require

105vast amounts of time to perform relatively simple LISP operations; etc.The Boolean 6-multiplexer problem offers an opportunity to compare speed for a very narrow, butinteresting, class of problems that has been studied in the literature in connection with three othermachine learning paradigms, namely, neural nets, classifier systems, and inductive decision trees.Wilson (1987) reported about an order of magnitude fewer iterations than a neural net used byBarto et. al. (1985) for this particular problem (about l2,000 to l5,000 iterations, as compared withalmost 200,000. Somewhat different iterative steps were involved in the two paradigms althoughboth types of iterative steps corresponded to the number of examples seen by the system. Quinlan(1988) reported even faster performance than Wilson’s using inductive decision trees (using the C4paradigm). The processing of individuals in genetic programming paradigm uses considerablymore computational resources (measured via time and memory) than Wilson�s or Quinlan�sapproach to this particular problem. The genetic programming paradigm has found solutions to theBoolean 6-multiplexer problem after processing as few as 2400 individuals (8 generations of 300).It usually produces solutions after processing 9,000 individuals (30 generation of 300). If numberof examples seen by the system is considered, this would be higher (but in the sameneighborhood) as Barto�s approach. But, as discussed below, a requirement of processing511,500 individuals can be considered as one reasonable measure of the processing requirementsfor the genetic programming paradigm for this particular problem when the effect of unsuccessfulruns is also considered.As to the range of problems that can be solved, the genetic programming paradigm describedherein can solve a number of types of problems that cannot be solved (or, at least, have not beensolved) with existing machine learning paradigms. The fact that the solutions come in the form ofcomputer programs (which can contain a mixture of conditional logical operations, mathematicalfunctions, domain specific operations and functions, and recursions and iterations) widens therange of machine learning problems that can be easily handled (or handled at all). The variety ofdifferent problems discussed in this paper suggests the wide variety of problems susceptible to thegenetic programming paradigm.As to qualitative features of the output of algorithm, the algorithm described herein is inherentlyhierarchical.In addition, the genetic programming paradigm often produces results expressed in terms of defaulthierarchies.As to quantitative features of the output of the algorithm, the inherently hierarchical character of theoutput also contributes to the parsimony of the results.A key issue in artificial intelligence and machine learning is how to �scale up� promising tech-niques that succeed on small sub-problems to larger problems. One way to solve large problems is,in general, to decompose the large problem hierarchically into smaller sub-problems (�buildingblocks�). It is plausible that having hierarchical results for smaller problems would be a precondi-tion to scaling up to larger problems. The inherently hierarchical character of the results, in turn,should lead to relatively high ability to scale up, although this has not been specifically demon-strated here. Moreover, the �define building blocks� operation appears to facilitate the identificationof useful �building blocks� with which to construct hierarchical solutions to problems.As to the amount and type of preprocessing required, the algorithm used here requires no prepro-cessing of inputs. The inputs are presented directly in the terms of the observed state variables ofthe problem domain involved. This lack of preprocessing is a major distinction relative to typicalneural network and other machine learning algorithms.As to intelligibility, the absence of preprocessing, the direct use of functions that come from theproblem domain, the inherently hierarchical character of the algorithm, and the editing operationcontributes to the intelligibility of the results in terms of the problem domain involved.As to requiring advance information about the size and shape of the ultimate solution, the genetic

106programming paradigm uses relatively little such advance knowledge. This is in contrast with thepre-specifying of the precise string size (6) in the classifier system approach to the Booleanmultiplexer problem, the pre-specifying of the maximum number of states for the finite automaton(32) in the string-based approach to the �artificial ant� problem, and the pre-specifying of theprecise number of processing units at each layer (and number of layers) required by most neuralnetwork paradigms.As to auditability, genetic algorithms in general allow construction of an audit trail showing howthe algorithm arrived at its solution to a problem.As to ability to verify the results, the fact that there is no preprocessing of inputs and the final resultis expressed directly in terms of functions that are relevant to the problem domain make sit rela-tively easy to verify solutions generated by the algorithm.As to ability to incrementally and robustly (i.e. rapidly and effectively) modify one solution tohandle different situations, genetic algorithms have this ability (as contrasted with, say, the neuralnet back propagation paradigm).As to ability to profitably parallelize the algorithm, genetic algorithms in general yield near linearspeed ups when executed on parallel computer architectures.As to fault-tolerance, genetic algorithms in general are fault-tolerant in the sense that the algorithmcontinue to operate well even if some of the population is lost at some point during the run.As to accuracy, genetic algorithms in general are reasonably accurate in arriving at solutions basedon the guidance provided by the fitness function.As to determinism, genetic algorithms in general are probabilistic and not deterministic algorithms.Particular interesting runs can be re-created by seeding the randomizer.Although we do not attempt to make a thorough comparison of the various machine learningparadigms here, we can, nonetheless, perform the limited task of determining how much process-ing of individuals is required to solve some of the problems discussed herein.9 . 2 . PREMATURE CONVERGENCE AND NICHESGenetic algorithms, in general, do not always produce results on a particular run of the algorithm.For one thing, genetic algorithms inherently involve probabilistic steps at four major points (citedearlier) in the algorithm. These probabilistic steps can be viewed as "initial conditions" of uncon-trolled chaotic variables. Because of these probabilistic steps, some runs simply do not producedesired results. In addition, genetic algorithms sometimes simply fail to converge at all on a givenrun within a particular amount of time. More commonly, genetic algorithms may prematurely con-verge (i.e. converge to a sub-optimal result). The exponentially increasing allocation of future trialson the basis of the currently observed fitness statistics of the population is both the strength and aweakness of genetic algorithms. This allocation is a weakness because it may result in prematureconvergence (Booker 1987). This allocation is a strength because it is the fundamental reason whygenetic algorithms work in the first place.We believe that premature convergence (or occasional non-convergence for other reasons) shouldbe viewed as an inherent aspect of genetic algorithms (rather than as a problem to be "cured" bytrying to alter the fundamental nature of the algorithm). Nature can be the guide here. Prematureconvergence manifests itself in nature in the form of the niche preemption principle. That is, in na-ture, biological niches tend to be dominated by a single species (Maguarran 1988). Premature con-vergence in a particular niche (and occasional complete failure in a particular niche) is the norm innature. Thus, each particular run of a genetic algorithm can be viewed as a niche, and, particularruns of a genetic algorithm can and will become dominated by particular sub-optimal species.Nature carries out its genetic experiments in parallel in many niches at a time. Thus, nature avoidsthe effects of randomness, niche preemption, premature convergence, chaotic affects, and unfortu-itous initial conditions by conducting her experiments many times in parallel in many (often func-

107tionally equivalent) niches. The best individual from these multiple experiments in separate, iso-lated niches is then potentially available to proliferate in the future.Similarly, the effects of randomness, premature convergence, unfortuitous initial conditions, andother chaotic affects on genetic algorithms can be minimized by making entirely separate multipleindependent runs. (These multiple independent runs, of course, lend themselves to parallel com-puter architectures and yield almost complete linear speed-up, but that is not the point). Note thatthe multiple independent runs we are talking about here do not involve cross-migration (cf. Tanese1989). The best single individual from all of these multiple independent runs is then identified asthe solution to the problem.9 . 3 . AMOUNT OF PROCESSING REQUIREDWe can undertake to measure genetic algorithms in terms of the likely number of niches (i.e.multiple independent runs) needed to produce a desired result with a certain probability, say, z =99%.If, for example, a particular run of a genetic algorithm produces the desired result with only aprobability of success ps after a specified number of generation Ngen with a population of size N,then the probability of achieving the desired result at least once within K runs is 1 - (1-ps)K. If weare seeking to achieve the desired result with a probability of, say, z = 1 - e= 99%, then thenumber K of independent runs (niches) required is K = log (1-z) / log (1-ps) = log e/ log (1-ps),where e= 1-z.The number of independent runs (niches) K obtained from this formula can then be multiplied bythe amount of processing required for the run. The amount of processing required is generallyproportional to the product of the population size and the number of generations executed.For example, we ran 248 runs of the Boolean 6-multiplexer with a population size of 300 andfound that the probability of success ps (of finding one individual S-expression that produced thecorrect Boolean output for all 64 combinations of the 6 Boolean inputs) was 23% after 51generations. With a probability of success ps of 23%, 18 independent runs are required to assure a99% probability of solving the problem.We then tried a population of 500 and found that the probability of success ps was 68% with apopulation of 500 after 51 generations. With a probability of success ps of 68%, only 4independent runs are required to assure a 99% probability of solving the problem. Even after the 4runs are adjusted for the 1.67 times greater computing effort required to process 500 individuals,instead of 300, the population size of 500 produces the desired solution with only about one thirdthe computational effort of the population size of 300. We noted a similar advantage to thepopulation size of 500 for several other problems, including the artificial ant problem. Therefore,for the purposes of presenting performance statistics in this section, we have used a population sizeof 500 throughout this section.In this section, we determine the number of probability of success ps for a test suite of twelveproblems:¥the Boolean 6-multiplexer,¥block-stacking,¥artificial ant (with the John Muir trail),¥sequence induction (Fibonacci sequence),¥sequence induction (Hofstadter sequence),¥symbolic regression (with 2.718x2+3.1416x as the target function),

108¥symbolic "data to function" integration (with 4x3 + 3x2 + 2x +1 as the function to be integratedand x4 + x3 + x2 + x as the desired result),¥symbolic "data to function" differentiation (with Sin x + x2 +x as the function to bedifferentiated and Cos x+ 2x + 1 as the desired result),¥differential equations (dy/dx - 2y + 4x = 0),¥automatic programming (solving a pair of linear equations),¥the pursuer-evader differential game, and¥symbolic multiple regression (with the complex multiplication function as the target function).We began running between 25 and 200 runs (usually 100) of each of the problems in the test suite.For each problem, we used a population size of 500 for each run. For each problem, we ran 51generations for each run. For each problem, we noted the probability of success ps that of findingthe desired solution by generation 0, 1, 2, ..., 50.Note that the total number of individuals that need to be processed is a function of the percentage (z= 99%) and everything that affects the probability ps. The probability of success ps is, in turn, afunction of (1) the two primary parameters of the algorithm (i.e. the population size 500 and thenumber of generations 51), (2) the five fixed secondary parameters of the genetic algorithm(described in section 6.3), and (3) all the fixed minor details of our implementation of thealgorithm.For the 6-multiplexer problem, the probability of success ps that at least one individual S-expression produces the desired Boolean output for all 64 combinations of the 6 Boolean inputs isdisplayed on the graph below as a function of the number of generations. In particular, theprobability of success ps after 50 generations is 67%.01020304050020406080100 Six Multiplexer Generation

% HitsFor the block-stacking problem, the probability of success ps that at least one individual plan (S-expression) restacks the blocks so that they are all on the STACK spelling "FRUITCAKE" (withinboth iterative "time out" limits) in all 166 environmental starting condition cases is displayed on thegraph below as a function of the number of generations. In particular, the probability of success psafter 50 generations is 100%. In fact, this 100% level is achieved at generation 27.

10901020304050020406080100 Fruitcake Generation

%HitsFor the artificial ant problem (with the John Muir trail), the probability of success ps that at leastone individual plan (S-expression) causes the ant to traverse the entire trail and collect all 89 stones(within the overall "time out" limit) is displayed on the graph below as a function of the number ofgenerations. In particular, the probability of success ps after 50 generations is 14%.01020304050020406080100 Artificial Ant Generation

% HitsFor the sequence induction problem involving the Fibonacci sequence, the probability of successps that at least one individual S-expression produces the correct integer value of the sequence forthe first 13 non-base positions of the sequence is displayed on the graph below as a function of thenumber of generations. In particular, the probability of success ps after 50 generations is 22%.

11001020304050020406080100 Fibonacci Sequence Generation

% HitsFor the sequence induction problem involving the Hofstadter sequence, the probability of successps that at least one individual S-expression produces the correct integer value of the sequence forthe first 13 non-base positions of the sequence is displayed on the graph below as a function of thenumber of generations. In particular, the probability of success ps after 50 generations is 1%.01020304050020406080100 Hofstadter Sequence Generation % HitsFor the symbolic regression problem (with 2.718x2+3.1416x as the target function), theprobability of success ps that at least one individual S-expression comes within 1% of the targetfunction for all 20 random values of the independent variable is displayed on the graph below as afunction of the number of generations. In particular, the probability of success ps after 50generations is 31%.

11101020304050020406080100 Regression Generation

% HitsFor the symbolic "data to function" integration problem (with 4x3 + 3x2 + 2x +1 as the function tobe integrated and x4 + x3 + x2 + x as the desired result), the probability of success ps that at leastone individual S-expression comes within 1% of the integral of target function for all 50 randompoints is displayed on the graph below as a function of the number of generations. In particular,the probability of success ps after 50 generations is 20%.01020304050020406080100 Integration Generation

% HitsFor the symbolic "data to function" differentiation problem (with Sin x + x2 +x as the function tobe differentiated and Cos x+ 2x + 1 as the desired result), the probability of success ps that at leastone individual S-expression comes within 1% of the derivative of target function for all 200random points is displayed on the graph below as a function of the number of generations. Inparticular, the probability of success ps after 50 generations is 36%.

11201020304050020406080100 Differentiation Generation

% HitsFor the symbolic differential equation problem (dy/dx - 2y + 4x = 0), the probability of success psof finding at least one individual S-expression which, when substituted into the left hand side ofthe differential equation, comes within .01 of 0.0 (the right hand side of the equation) for all 200random points is displayed on the graph below as a function of the number of generations. Inparticular, the probability of success ps after 50 generations is 36%.01020304050020406080100 Differential Equation Generation

% HitsFor the automatic programming problem (involving solving a pair of linear equations), theprobability of success ps that at least one individual S-expression which, comes within 1% of thesolution for all 10 random equations is displayed on the graph below as a function of the numberof generations. In particular, the probability of success ps after 50 generations is 24%.

11301020304050020406080100 Linear Equations Generation

% HitsFor the pursuer-evader differential game, the probability of success ps that at least one individualpursuer strategy (S-expression) captures a minimax evader (within the "time out" limits) in all 10environmental starting condition cases is displayed on the graph below as a function of the numberof generations. In particular, the probability of success ps after 50 generations is 69%.01020304050020406080100 Game of Pursuit Generation

% HitsFor the symbolic multiple regression problem (with complex multiplication as the target function),the probability of success ps that at least one individual pair of values (LIST of two S-expressions)comes within .01 of the target pair of values (as measured by the distance measure describedherein) for all 50 random combinations of the four independent variables is displayed on the graphbelow as a function of the number of generations. In particular, the probability of success ps after50 generations is 2%.

11401020304050020406080100 Multiple Regression Generation

% HitsUsing the probability of success ps by generation 51, we then computed the number ofindependent runs (niches) K needed to achieve the desired result with a probability of z = 99%. Wethen computed the number of individuals that must be processed in order to solve a particularproblem by multiplying the number of runs K by 25,500 (i.e. population size 500 times number ofgenerations 51). Note that the total number of individuals that need to be processed is a function ofthe percentage (z = 99%) and everything that affects the probability of success ps .The above method is far from perfect. Neither the fixed common population size nor the fixedcommon number of generations is optimal for any of the problems in the test suite. There are aninfinity of alternative ways of distributing a fixed computational budget (i.e. total number ofindividuals to be processed) between the two primary parameters of the algorithm. For example,for some problems, a larger population size operating over proportionately fewer generations (withthe same total number of individuals being processed) produces a higher percentage of successwhile for other problems, a tradeoff made in the opposite way produces a higher percentage ofsuccess.In addition to the fact that neither the population size nor the number of generations is optimal, thenumber of individuals that must be processed in order to solve a particular problem is significantlyoverstated by the fact that we present the computer time as if each run was run the full 51generations. In actual practice, we usually abort a run when it achieves the desired result. Thisoverstatement is especially significant for those problems with a high percentage of success. Thenumber of individuals that must be processed is also overstated because premature convergence ismanifestly obvious in far fewer than 51 generations for most problems described herein and certainruns could be heuristically aborted to save computer time.Nonetheless, this relatively simple method of estimation offers a rough estimate of the number ofindividuals that must be processed in order to solve a particular problem.We also determined the amount of computer time required for each run of each problem on theExplorer II+� computer. The vast majority of the computer time is consumed in fitnessevaluation, rather than by the genetic operations or administrative tasks. Problems involving asimple fitness calculation over a relatively small number of environmental cases (e.g. the Fibonaccisequence, symbolic regression, etc.) take the smallest amount of time. Problems involving iterativeDU loops (e.g. block stacking), iterative summation SIGMA loops, recursions, execution of astrategy over many time steps (e.g. artificial ant, differential pursuer-evader game) and optimalcontrol problems (e.g. broom balancing) involving numerical integration over many time stepstake considerably more time. These latter problems are especially time consuming in earlygenerations when there are relatively more unfit individuals, including individuals which "time out"

115and therefore consume the maximum amount of time allowed by the problem.The table below shows the probability of success ps, the number of independent runs K (niches)likely to be needed to achieve the desired result with probability z = 99%, the likely number ofindividuals that must be processed (i.e. the number of niches times 500 times 51), the computertime per run (i.e. a full run of 51 generations), and the total computer time needed (i.e. the numberof independent runs K times the computer time per run).ProblemPercentof RunsSuccessfulNichesNeededTotalIndividualsProcessedTime perRun(minutes)TotalComputerTime(minutes)6-Multiplexer68%4102,0001248Block-Stacking94%251,0006661332Artificial Ant26%15382,50046690Fibonacci Sequence22%19484.50012228Hofstadter Sequence 1%45811,679,00083664Symbolic Regression31%12306,000448Symbolic Integration20%21535,50017357Symbolic Differentiation36%10255,00015150Differential Equations 1%45811,679,000188244Linear Equations24%16408,00010160Pursuer-Evader Game69%4102,0004231692Multiple Regression 2%2285,814,000143192Thus, we can describe the difficulty of a particular problem in terms of the likely number of niches(independent runs) required and the number of individual that must be processed. As can be seenfrom the table, the likely number of niches and likely number of individuals that must be processedto achieve the desired result with 99% probability ranges from 4 niches and 102,000 individuals(for the differential pursuer-evader game) to 151 niches and 3,850,500 individuals (for multipleregression of the complex multiplication operator).A calculation of the expected number of processing steps would be a desirable addition to the re-portage of the results of other algorithms in machine learning, neural networks, and artificialintelligence. For example, even non-probabalistic algorithms (such as the back propagationalgorithm for neural network training) sometimes become trapped on local maxima or do notproduce the desired result for other reasons. The number of such failed runs should affect thereported measures of the total number of processing steps required to execute the algorithm.

1161 0 . THEORETICAL DISCUSSIONHolland (1975) focused attention on the fact that genetic algorithms, in general, can be viewed asprocessing numerous schemata (similarity templates) rather than merely the relatively modest num-ber of individuals in the population. For a string of length L over an alphabet of size k, a schema isidentified by a string of length L over an extended alphabet consisting of the k alphabet symbolsand the meta-symbol * (don’t care) and consists of the set of individual strings from the populationwhose symbols match the symbols of the identifier for all specific positions (i.e. all positions ex-cept where the identifier has the "don’t care" symbol). There are (k+1)L such schemata. Each in-dividual string occurs in 2L such schemata, regardless of k. Therefore, a population of only M in-dividual strings makes up to M*2L appearances in the schemata (depending on population diver-sity). In the binary case, a schema of specificity O(H) corresponds to a hyperplane of dimensional-ity L-O(H) (containing 2L-O(H) individuals) of the Hamming hypercube of dimension L. The aver-age fitness f(H) of a schema H is the average of the observed fitness values of the individualstrings contained in the schemata. This average fitness has an associated variance which dependson the number of items being summed to compute the average).Holland showed that for genetic algorithms using fitness proportionate reproduction andcrossover, the expected number of occurrences of every schema H in the next generation isapproximately m(H,t+1) >= f(H)f* m(H,t) (1 - e)where f* is the average fitness of the population and e is small. In particular, viewed over severalgenerations where either f(H)/f* is stationary or remains above 1 by at least a constant amount, thismeans that a schema with above-average (below-average) fitness appears in succeeding generationsat an approximately exponentially increasing (decreasing) rate. Holland also showed that themathematical form of the optimal allocation of trials among random variables in a multi-armed slotmachine problem (involving minimizing losses while exploring new or seemingly non-optimalschemata, while also exploiting seemingly optimal schemata) is similarly approximately exponen-tial so that the processing of schemata by genetic algorithms using fitness proportionate reproduc-tion and crossover is mathematically near optimal. In particular, this allocation of trials is mostnearly optimal when e is small. For strings, e is computed by dividing the defining length d(H) ofthe schema involved (i.e. the distance between the outermost specific, non-* symbols) by L-1 (i.e.the number of interstitial points where crossover may occur). Therefore, e is short when d(H) isshort (i.e. the schema is a small, short, compact "building block"). Thus, genetic algorithmsprocess short-defining length schemata most favorably. More importantly, as a result, problemswhose solutions can be incrementally "built up" from such small "building blocks" are mostoptimally handled by genetic algorithms.In the genetic programming paradigm, the individuals in the population are LISP S-expressions(i.e. rooted point-labeled trees with ordered branches), instead of linear character strings. The setof similar individuals sharing common features (i.e. the schema) is a hyperspace of LISP S-expressions (i.e. a set of rooted point-labeled trees with ordered branches) sharing commonfeatures.Consider first the case where the common features are a single sub-tree consisting of h specifiedpoints with no unspecified (don’t care) points in that sub-tree. The set of individuals sharing thecommon feature is the hyperspace consisting of all rooted point-labeled trees in a plane containingthe designated sub-tree as a sub-tree. This set of trees is infinite, but it can be partitioned into finitesubsets by using the number of points in the tree as the partitioning parameter. If the subset of treeshaving a particular number of points and sharing a fully specified sub-tree is considered, fitness

117proportionate reproduction causes growth (or decay) in the size of that subset in the new popula-tion in accordance with the relative fitness of the subset to the average population fitness in thesame near optimal way as it does for string-based linear genetic algorithms. Holland’s results con-cerning the optimal allocation of trials and Holland’s results concerning the growth (or decay) ofthe number of occurrences of schemata as a result of fitness proportionate reproduction (1975) donot depend on the character of the individual objects in the population. The deviation from this op-timal rate of growth (or decay) of a schema is then caused by the crossover operation. The natureof this deviation for crossover does depend on the character of the individual objects in the popula-tion. For strings, this deviation is relatively small when the distances amongst the points definingthe common feature is relatively small. The relevant measure of distance for strings is the maxi-mum distance between any two defined positions.The same principle appears to apply when the objects are trees. That is, the deviation is relativelysmall when the distances amongst the points defining the common feature is relatively small. Inparticular, when the specific positions of a schema are coextensive with a single sub-tree, the de-viation is smallest. In particular, if e is the ratio of the number of points in the sub-tree to thenumber of points in the tree, then e is relatively small when the sub-tree is relatively small. Thus,for the case where the specific positions of a schema are coextensive with a single sub-tree, theoverall effect of fitness proportionate reproduction and crossover is that subprograms (i.e. sub-trees, sub-lists) from relatively high fitness programs are used as "building blocks" for construct-ing new individuals in an approximately near optimal way. Over a period of time, this concentratesthe search of the solution space into sub-hyperspaces of LISP S-expressions of ever decreasingdimensionality and ever increasing fitness.This argument appears to extend to similarities defined by a sub-tree containing one or more non-specific points internal to the sub-tree and to similarities defined by a disjoint set of two or moresub-trees of either type. The deviation from optimality is relatively small to the extent that both thenumber of points defining the common feature is relatively small and the number of disjoint sub-trees is relatively small. Thus, the overall effect is that subprograms (i.e. sub-trees) from relativelyhigh fitness individuals are used as "building blocks" for constructing new individuals.The genetic programming paradigm is a natural extension of string-based linear genetic algorithmsin another way. Genetic algorithms, in general, are mathematical algorithms which are based onDarwinian principles of reproduction and survival of the fittest and which transform a populationof individuals (and their fitness in the environment) into a new population of individuals using op-erations analogous to genetic operations actually observed in nature. In this view, a character foundat a particular position in a mathematical character string in a conventional string-based genetic al-gorithm is considered analogous to one of the four nucleotide bases (adenine, cytosine, guanine, orthymine) found in molecules of deoxyribonucleic acid (DNA). The observed fitness in the envi-ronment of the entire actual biological individual created using the passive information in a particu-lar linear string of DNA is then used in the computation of average schema fitness for each schemarepresented by that individual. In contrast, the proactive computational procedure carried out by aLISP S-expression in the genetic programming paradigm can be viewed as analogous to the workperformed by a protein in a living cell. The observed fitness in the environment of the entire actualbiological individual created as a result of the action of the proactive LISP S-expressionscontribute, in the same way as with string-based genetic algorithms, directly to the computation ofaverage schema fitness for each schema represented by that individual. That is, the geneticprogramming paradigm employs the same automatic allocation of credit inherent in the basic string-based genetic algorithm described by Holland (1975) and inherent in Darwinian reproduction andsurvival of the fittest amongst biological populations in nature. This automatic allocation of creditcontrasts with the connectionistic "bucket brigade" credit allocation and reinforcement algorithmused in classifier systems (Holland 1986, Holland and Reitman 1978) which is not founded on anyobserved natural mechanism involving adaptation amongst biological populations (Westerdale1985).

1181 1 . FUTURE WORKSince Holland’s seminal 1975 work, many operational variations on the basic string-based geneticalgorithm have been tested and studied. In a number of cases, a consensus has developed amongthe practitioners of genetic algorithms specifying a relatively standard approach to genetic algo-rithms as to those areas. In other areas, no such consensus exists. In any case, most of the opera-tional issues affecting the basic string-based genetic algorithm reappear in connection with thegenetic programming paradigm.Thus, future work might include studying the tradeoffs, given a fixed computational budget,between the population size, the number of generations, and the number of niches (independentruns).Future work might also include determining the optimum percentage of the population that shouldundergo crossover versus fitness proportionate reproduction on each generation; determiningwhether and how often the secondary genetic operations of mutation, permutation, editing, and�define building block� should be used; techniques for maintaining population diversity and mini-mizing premature convergence (cf. Booker 1987); the effect of the different ways to select thespouse of a given parent (i.e. proportionate to fitness versus at random); the use of probability dis-tributions other than the uniform distribution for making the various random selections during therun; the use of non-standard fitness measures (e.g. the rank of the fitness value versus fitness inthe standard probability form); the techniques for varying the parameters of the genetic algorithmduring the run based on information gained from the run; the ways of parallelizing the algorithm;and the conditions for terminating the algorithm.

11912. GENERAL DISCUSSIONThe problem of automatically generating a computer program to solve a problem is generallyviewed as an area that is unlikely to be fruitful.This pessimistic view may stem, in part, from the personal experience of seeing how one smallmistake in ones own computer programs can make the program completely inoperative. It is truethat computer programs can be very sensitive to small errors. It is also true that an error as small asone nucleotide base among 2,870,000,000 nucleotide bases in the human genome can make thedifference between normality and a fatal disease. However, the opposites to both of theseobservations are also true. For example, many small changes in the human genome (even in theportions of the deoxyribonucleic acid sequence that are actually translated into protein) merelyproduce slightly different, but functionally equivalent, proteins and have no net effect whatsoever.It is similarly true that many small changes in computer programs merely produce slightlydifferent, but functionally equivalent, programs and have no net effect whatsoever. However, mostpeople who have written computer programs vividly recall how particular small errors caused theirprograms not to work and so not similarly recall the many inconsequential changes that they havemade in those same programs.Another reason for the generally pessimistic view of the likelihood of solving the problem ofautomatic program generation is that one rarely focuses on the extent to which computer programsare built up from portions of code that the programmer has successfully used before. Indeed, mostcomputer programs are replete with such "building blocks" previously used in other programs.In summary, most people who have written computer programs overemphasize considerations thatmake computer programs seem unsusceptible to automatic generation and minimize theconsiderations on the other side of the argument.Still another reason for the generally pessimistic view of the likelihood of solving the problem ofautomatic program generation is that standards are applied, as almost a knee jerk reaction, to theproblem of program generation that are not applied to any other form of machine learning orartificial intelligence. One such standard can be stated as follows: "the paradigm must solve allproblems of all types without any use of human judgment." Not surprisingly, when this standardis applied, the paradigm for program generation is found wanting. We want to make clear here thatwe do not claim that the genetic programming paradigm described in this paper meets this "strawman" standard. It does not. No other paradigms of machine learning, artificial intelligence, neuralnets, genetic algorithms, or classifier systems claim to meet this "straw man standard." And, nonedo.This "straw man" standard manifests itself is various ways. One manifestation is the "revelation"that the genetic programming paradigm described in this paper requires that a function set bespecified by the user. This fact need not be "revealed." On the contrary, this paper makes it clearthat the user of the genetic programming paradigm must select the function set for the problem. Thegenetic programming paradigm is similar to many other paradigms in machine learning in that a setof elementary functions must be specified. For example, ID3 and related algorithms for inducingdecision trees start with a user-specified set of functions that test each training case (and actualcase) for certain attributes. If the user of ID3 provides a set of such "attribute testing" functions forchess pieces that merely test whether they are made of wood or plastic, but do test their rank, ID3will be not able to classify chess board positions as to whether they are winning or losingpositions. Similarly, the user of SOAR provides the set of 24 elementary operations for moving theblank square in the 8-puzzle just as the users of other artificial intelligence paradigms for stackingblocks provide the elementary operations for moving individual blocks between the stack and thetable.Another manifestation of this straw man standard is the "revelation" that the user must select certaincertain parameters, such as the population size and the number of generations. This fact need not

120be "revealed." On the contrary, this paper makes it clear that the user of the genetic programmingparadigm must select certain parameters. The genetic programming paradigm is similar to manyother paradigms in that certain parameters must be specified. For example, the user of a neuralnetwork must select the number of processing units for the input layer, the hidden layer(s), theoutput layer of the network, and, depending on the particular neural network paradigm that the userhas selected, the thresholds, the biases, the nature of the connectivity allowed, and whether thenetwork is feed-forward or recurrent. Similarly, the user of a classifier system must select the thenumber of bits in the condition parts of each if-then rule, the number of classifier rules allowed, thenumber of cycles to be run, and numerous other parameters. The choice of the number of bits inthe condition parts of each if-then rule, in particular, limits the computational complexity of anysolution that can be produced. In addition, the users of both neural networks and classifier systemsmust usually extensively preprocess the inputs from the external environment so that they arepresented to the system in the manner that the paradigm can accept.Another way that the "straw man" standard manifests itself concerns the assertion that if aparadigm is presented using an example for which the solution is already known, this knowledgesomehow makes the solution less valid. All of the well-known paradigms in the literature havebeen presented using example problems to which the solution was already known. In fact, whenexample problems are presented for which the solution is not already known, the opposite questionimmediately arises, namely, the question as to how one knows that the paradigm has worked.

1211 3 . CONCLUSIONWe have demonstrated how a number of seemingly different problems from artificial intelligence,symbolic processing, and machine learning can be reformulated as problems that require discoveryof a computer program that produces a desired output for particular inputs. These problems includefunction learning, robotic planning, sequence induction, symbolic function identification, symbolicregression, symbolic "data to function" integration, symbolic "data to function" differentiation,solving differential equations, solving integral equations, finding inverse functions, solvinggeneral equations for numerical values, empirical discovery, concept formation, automaticprogramming, pattern recognition, optimal control, game-playing, multiple regression, andsimultaneous architectural design and training of a neural network. We have then shown how suchproblems can be solved by genetically breeding computer programs using the genetic programmingparadigm.

1221 4 . ACKNOWLEDGMENTSDrs. Thomas Westerdale of Birkbeck College at the University of London, Martin A. Keane ofThird Millennium Venture Capital Limited in Chicago, and John Perry (formerly of TexasInstruments Inc. in San Francisco) made numerous valuable comments on early drafts of this pa-per. Eric Mielke of the Texas Instruments Education Center in Austin implemented a method forprogramming the crossover operation in LISP that significantly improved execution time over theauthor’s previous recursive version. James Rice of the Knowledge Systems Laboratory (KSL) atStanford University in Palo Alto implemented a method for programming the crossover operationin LISP that significantly improved execution time over Mielke’s, identified and corrected severalillusive programming problems, and greatly expanded the efficiency and functionality of the au-thor�s program (particularly its interfaces and instrumentation) in numerous extremely helpful re-spects. John Holland of the University of Michigan, Stewart Wilson of the Rowland Institute ofCambridge, Massachusetts, Lawrence Davis of BBN Inc. of Cambridge, and James Rice madenumerous valuable comments on recent drafts of this paper.

1231 5 . REFERENCESAnderson, Charles W. Learning to control and inverted pendulum using neural networks. IEEEControl Systems Magazine. 9(3). Pages 3l-37. April l989.Axelrod, R. The evolution of strategies in the iterated prisoner�s dilemma. In Davis, Lawrence(editor) Genetic Algorithms and Simulated Annealing London: Pittman l987.Barto, A. G., Anandan, P., and Anderson, C. W. Cooperativity in networks of pattern recogniz-ing stochastic learning automata.In Narendra,K.S. Adaptive and Learning Systems. New York:Plenum 1985.Booker, Lashon Improving search in genetic algorithms. In Davis, Lawrence (editor) GeneticAlgorithms and Simulated Annealing London: Pittman l987.Booker, Lashon, Goldberg, David E., and Holland, John H. Classifier systems and genetic algo-rithms. Artificial Intelligence 40 (1989) 235-282.Citibank, N. A. CITIBASE: Citibank Economic Database (Machine Readable Magnetic Data File),1946-Present. New York: Citibank N.A. 1989.Cramer, Nichael Lynn. A representation for the adaptive generation of simple sequential programs.Proceedings of an International Conference on Genetic Algorithms and Their Applications.Hillsdale, NJ: Lawrence Erlbaum Associates l985.Davis, Lawrence (editor) Genetic Algorithms and Simulated Annealing London: Pittman l987.Davis, Lawrence and Steenstrup, M. Genetic algorithms and simulated annealing: An overview. InDavis, Lawrence (editor) Genetic Algorithms and Simulated Annealing London: Pittman l987.Dawkins, Richard. The Blind Watchmaker. New York: W. W. Norton 1987.De Jong, Kenneth A. Genetic algorithms: A l0 year perspective. Proceedings of an InternationalConference on Genetic Algorithms and Their Applications. Hillsdale, NJ: Lawrence ErlbaumAssociates l985.De Jong, Kenneth A. On using genetic algorithms to search program spaces. Genetic Algorithmsand Their Applications: Proceedings of the Second International Conference on GeneticAlgorithms. Hillsdale, NJ: Lawrence Erlbaum Associates l987.De Jong, Kenneth A. Learning with genetic algorithms: an overview. Machine Learning, 3(2),121-138, 1988.Doan, Thomas A. User Manual for RATS - Regression Analysis of Time Series. Evanston, IL:VAR Econometrics, Inc. 1989Fogel, L. J., Owens, A. J. and Walsh, M. J. Artificial Intelligence through Simulated Evolution.New York: John Wiley 1966.Friedberg, R. M. A learning machine: Part I. IBM Journal of Research and Development, 2(1), 2-13, l958.Friedberg, R. M. Dunham, B. and North, J. H. A learning machine: Part II. IBM Journal ofResearch and Development, 3(3), 282-287, l959.Fujiki, Cory and Dickinson, John. Using the genetic algorithm to generate LISP source code tosolve the prisoner’s dilemma. In Grefenstette, John J.(editor). Genetic Algorithms and TheirApplications: Proceedings of the Second International Conference on Genetic Algorithms.Hillsdale, NJ: Lawrence Erlbaum Associates l987.Fujiki, Cory. An Evaluation of Holland’s Genetic Algorithm Applied to a Program Generator.Master of Science Thesis, Department of Computer Science, Moscow, ID: University of Idaho,

124l986.Goldberg, David E. Computer-Aided Gas Pipeline Operation Using Genetic Algorithms and RuleLearning. PhD dissertation. Ann Arbor: University of Michigan. 1983.Goldberg, David E. Genetic Algorithms in Search, Optimization, and Machine Learning. Reading,MA: Addison-Wesley l989.Goldberg, David E. and Holland, John H. (editors). Special issue on genetic algorithms. MachineLearning, volume 3, numbers 2/3, 1988.Goldberg, David E. Sizing populations for serial and parallel genetic algorithms. In Schaffer, J. D.(editor) Proceedings of the Third International Conference on Genetic Algorithms. San Mateo, CA:Morgan Kaufmann Publishers Inc. 1989.Green, Cordell C. et. al. Progress Report on Program-Understanding Systems. Stanford ArtificialIntelligence Laboratory memo AIM-240. Stanford University Computer Science Department.August 1974.Grefenstette, John J.(editor). Proceedings of an International Conference on Genetic Algorithmsand Their Applications. Hillsdale, NJ: Lawrence Erlbaum Associates l985.Grefenstette, John J.(editor). Genetic Algorithms and Their Applications: Proceedings of theSecond International Conference on Genetic Algorithms. Hillsdale, NJ: Lawrence ErlbaumAssociates l987a.Grefenstette, John J. Incorporating problem specific knowledge into Genetic Algorithms. InDavis, L. (editor) Genetic Algorithms and Simulated Annealing London: Pittman l987b.Hallman, Jeffrey J., Porter, Richard D., Small, David H. M2 per Unit of Potential GNP as anAnchor for the Price Level. Washington,DC: Board of Governors of the Federal Reserve System.Staff Study 157, April 1989.Hicklin, Joseph F., Application of the Genetic Algorithm to Automatic Program Generation.Master of Science Thesis, Department of Computer Science. Moscow, ID: University of Idahol986.Hillis, W. Daniel. Co-evolving parasites improve simulated evolution as an optimization proce-dure. In Forrest, Stephanie (editor) Emergent Computation: Self-organizing, Collective, andCooperative Computing Networks. Cambridge, MA: MIT Press 1990 (to appear). Also in PhysicaD 1990 (to appear).Hillis, W. Daniel. �Co-evolving parasites improve simulated evolution as an optimization proce-dure� In Langton, Christopher G. and Farmer, J. Doyne. (editors) Proceedings of the SecondConference on Artificial Life. Redwood City, CA; Addison-Wesley 1990. In press.Hinton, Geoffrey. Neural Networks for Artificial Intelligence. Santa Monica, CA: TechnologyTransfer Institute. Documentation dated December 12, 1988.Hinton, Geoffrey. Connectionist learning procedures. Artificial Intelligence. 40 (1989) 185-234.Holland, John H. Adaptation in Natural and Artificial Systems, Ann Arbor, MI: University ofMichigan Press 1975.Holland, John H. Escaping brittleness: The possibilities of general-purpose learning algorithmsapplied to parallel rule-based systems. In Michalski, Ryszard S., Carbonell, Jaime G. andMitchell, Tom M. Machine Learning: An Artificial Intelligence Approach, Volume II. P. 593-623.Los Altos, CA: Morgan Kaufman l986.Holland, John H. ECHO: Explorations of Evolution in a Minature World. In Langton, ChristopherG. and Farmer, J. Doyne. (editors) Proceedings of the Proceedings of the Second Conference onArtificial Life. Redwood City, CA; Addison-Wesley 1990. In press.

125Holland, John H. and Burks, Arthur W. Adaptive Computing System Capable of Learning andDiscovery. U. S. Patent 4,697,242. Issued September 29, 1987.Holland, John H. and Burks, Arthur W. Method of controlling a Classifier System. U.S. Patent4,881,178. Issued November 14, 1989.Holland, John H, Holyoak, K.J., Nisbett, R.E., and Thagard, P.A. Induction: Processes ofInference, Learning, and Discovery. Cambridge, MA: MIT Press l986.Holland, John H. and Reitman, J.S. "Cognitive Systems Based on Adaptive Algorithms". InWaterman, D. A. and Hayes-Roth, Frederick, Pattern-Directed Inference Systems, New York:Academic Press l978.Humphrey, Thomas M. Precursors of the P-star model. Economic Review. Richmond, VA:Federal Reserve Bank of Richmond. July-August 1989. Pages 3-9.Isaacs, Rufus. Differential Games. New York: John Wiley 1965.Jefferson, David, Collins, Rob, et. al. The Genesys System: Evolution as a theme in artificial life.In Langton, Christopher G. and Farmer, D. (editors) Proceedings of Second Conference onArtificial Life. Redwood City, CA: Addison-Wesley. 1990. In Press.Koza, John R. Hierarchical genetic algorithms operating on populations of computer programs.Proceedings of the 11th International Joint Conference on Artificial Intelligence (IJCAI). SanMateo, CA: Morgan Kaufman 1989.Koza, John R. "A genetic approach to econometric modeling." Sixth World Congress of theEconometric Society. Barcelona, Spain. August 1990. In Press. 1990a.Koza, John R. Econometric modeling by genetic breeding of mathematical functions. Proceedingsof International Symposium on Economic Modeling. Urbino, Italy: 1990. In Press. 1990b.Koza, John R. Non-Linear Genetic Algorithms for Solving Problems. U. S. Patent 4,935,877.Filed May 20, 1988. Issued June 19, 1990. 1990c.Koza, John R. Non-Linear Genetic Algorithms for Solving Problems by Finding A FitComposition of Functions. U. S. Patent Continuation-In-Part Application. Filed March 28, 1990.1990d.Koza, John R. and Keane, Martin A. Cart centering and broom balancing by genetically breedingpopulations of control strategy programs. Proceedings of International Joint Conference on NeuralNetworks, Washington, January 1990. Volume I. 1990a.Koza, John R. and Keane, Martin A. Genetic breeding of non-linear optimal control strategies forbroom balancing. Proceedings of the Ninth International Conference on Analysis and Optimizationof Systems, Antibes, France, June 1990. New York: Spring-Verlag 1990b.Laird, John, Rosenbloom, Paul, and Newell, Allen. SOAR: Universal Subgoaling and Chunking.Boston, Ma: Kluwer Academic Publishers 1986.Langley, Pat and Zytkow, Jan M. Data-driven approaches to empirical discovery. ArtificialIntelligence. 40 (1989) 283-312.Langley, Pat, Simon, Herbert A., Bradshaw, Gary L., and Zytkow, Jan M. Scientific Discovery:Computational Explorations of the Creative Process. Cambridge, MA: MIT Press, 1987.Lenat, Douglas B. AM: An Artificial Intelligence Approach to Discovery in Mathematics asHeuristic Search. PhD Dissertation. Computer Science Department. Stanford University. 1976.Lenat, Douglas B. The role of heuristics in learning by discovery: Three case studies. InMichalski, Ryszard S., Carbonell, Jaime G. and Mitchell, Tom M. Machine Learning: AnArtificial Intelligence Approach, Volume I. P. 243-306. Los Altos, CA: Morgan Kaufman l983.

126Lenat, Douglas B. and Brown, John Seely. Why AM and EURISKO appear to work. ArtificialIntelligence. 23 (1984). 269-294.Magurran, Anne E. Ecological Diversity and Its Measurement. Princeton, NJ: Princeton UniversityPress. 1988.Miller, John H. The Co-evolution of Automata in the Repeated Prisoner�s Dilemma. Sante FeInstitute Report 89-003. 1989.Miller, John H. The evolution of automata in the repeated prisoner�s dilemma. In Two Essays onthe Economics of Imperfect Information. PhD dissertation, Department of Economics, Universityof Michigan, 1988.Mills, R. D. Using a small algebraic manipulation system to solve differential and integral equa-tions by variational and approximation techniques. Journal of Symbolic Computation. 3(3). 291-301. 1987.Minsky, Marvin L. and Papert, Seymour A. Perceptrons. Cambridge, MA: The MIT Press. 1969.Nilsson, Nils J. Principles of Artificial Intelligence. Los Altos, CA: Morgan Kaufman l980.Nilsson, Nils J. Action networks. Draft Stanford Computer Science Department Working Paper,October 24, 1988. Stanford, CA: Stanford University. 1988a.Nilsson, Nils J. Private communication. 1988b.Quinlan, J. R. Induction of decision trees. Machine Learning 1 (1), 81-106, 1986.Quinlan, J. R. An empirical comparison of genetic and decision-tree classifiers. Proceedings of theFifth International Conference on Machine Learning. San Mateo, CA: Morgan Kaufmann. 1988.Rice, James P. Private communication. 1989.Robertson, George. Parallel implementation of genetic algorithms in a classifier system. In Davis,L. (editor) Genetic Algorithms and Simulated Annealing London: Pittman l987.Rumelhart, D. E., Hinton, G. E., and Williams, R. J. Learning internal representations by errorpropagation. In Rumelhart, D. E., McClelland, J. L., et. al. Parallel Distributed Processing.Volume 1, Chapter 8. Cambridge, MA: The MIT Press. 1986.Samuel, A. L. Some studies in machine learning using the game of checkers. IBM Journal ofResearch and Development, 3(3), 210-229 (1959).Schaffer, J. D. Some effects of selection procedures on hyperplane sampling by genetic algo-rithms. In Davis, L. (editor) Genetic Algorithms and Simulated Annealing London: Pittman l987.Schaffer, J. D. (editor) Proceedings of the Third International Conference on Genetic Algorithms.San Mateo, CA: Morgan Kaufmann Publishers Inc. 1989.Smith, Steven F. A Learning System Based on Genetic Adaptive Algorithms. PhD dissertation.Pittsburgh: University of Pittsburgh 1980.Smith, Steven F. Flexible learning of problem solving heuristics through adaptive search.Proceeding of the Eighth International Conference on Artificial Intelligence. Karlsruhe, Germany:Morgan Kaufman l983.Steele, Guy L. Jr. Common LISP. Digital Press. 1984.Tanese, Reiko. Distributed Genetic Algorithm for Function Optimization. PhD. dissertation.Department of Electrical Engineering and Computer Science. University of Michigan. 1989.Westerdale, Thomas H. The bucket brigade is not genetic. Proceedings of an Internal Conferenceon Genetic Algorithms and Their Applications. Hillsdale, NJ: Lawrence Erlbaum Associates l985.Widrow, Bernard. Pattern recognizing control systems. Computer and Information Sciences

127(COINS) Symposium Proceedings. Washington, DC: Spartan Books, 1963.Widrow, Bernard. The original adaptive neural net broom balancer. 1987 IEEE InternationalSymposium on Circuits and Systems. Vol. 2.Wilson, Stewart. W. Classifier Systems and the animat problem. Machine Learning, 3(2), 199-228, 1987a.Wilson, Stewart. W. Hierarchical credit allocation in a classifier system. Proceedings of the TenthInternational Joint Conference on Artificial Intelligence, 217-220, 1987b.Wilson, Stewart W. Bid competition and specificity reconsidered. Journal of Complex Systems.2(6), 705-723, 1988.Wolfram, Stephen. Mathematica� - a system for doing mathematics by computer. Redwood City,CA: Addison-Wesley 1988.