Use of Architecture-Altering Operations to DynamicallyAdapt a Three-Way Analog Source Identification Circuit toAccommodate a New SourceJohn R. KozaComputer Science Dept.Stanford UniversityStanford, California 94305-9020koza@cs.stanford.eduhttp://www-cs-faculty.stanford.edu/~koza/Forrest H Bennett IIIVisiting ScholarComputer Science Dept.Stanford UniversityStanford, California 94305forrest@evolute.comJason LohnVisiting ScholarComputer Science Dept.Stanford UniversityStanford, California 94305jlohn7@leland.stanford.eduFrank DunlapDunlap ConsultingPalo Alto, CaliforniaMartin A. KeaneMartin Keane Inc.5733 West GroverChicago, Illinois 60630makeane@ix.netcom.comDavid AndreComputer Science DivisionUniversity of CaliforniaBerkeley, Californiadandre@cs.berkeley.eduABSTRACTT h e p r o b l e m o f s o u r c e identification involves correctlyclassifying an incoming signal intoa category that identifies thesignal’s source.The problem is difficult becauseinformation is not providedc o n c e r n i n g e a c h s o u r c e ’ s distinguishing characteristics andbecause successive signals from thesame source differ. The sourceidentification problem can be mademore difficult by dynamicallychanging the repertoire of sourceswhile the problem is being solved.We used genetic programming toevolve b o t h the topology and thesizing (numerical values) for eachcomponent of an analog electricalcircuit that can correctly classify anincoming analog electrical signalinto three categories. Then, ther e p e r t o i r e o f s o u r c e s w a s dynamically changed by adding anew source during the run. Thep a p e r d e s c r i b e s h o w t h e architecture-altering operationsenabled genetic programming toadapt, during the run, to thechanged environment. Specifically,a three-way source identificationcircuit was evolved and thenadapted into a four-way classifier,during the run, thereby successfullyhandling the additional new source.1. IntroductionIn nature, living things exhibit considerable ability to adaptto a change in their environment by acquiring newcapabilities. One mechanism that enables living things toadapt involves changes in the architecture of their genome.When we refer to architectural changes in the genome, we donot mean mere changes in the value of an allele at aparticular preexisting location on the chromosome. Instead,we mean a structural change that permits the manufacture ofan entirely new protein that, in turn, supports a newstructure, new behavior, or new functionality.There is an analog in the world of computerprogramming to a change in the architecture of the genomeof a living organism. That analog consists of a change inthe architecture of a computer program. When we refer to achange in architecture of a computer program, we mean astructural change in the program (i.e., a change in thenumber of subprograms, the number of arguments possessedby each subprogram, or the nature of the hierarchicalreferences among the subprograms) as opposed to a merechange in the sequence of work-performing primitiveoperations or the number of such operations in a particularpreexisting branch of the program.The problem of source identification involves correctlyclassifying an incoming signal into a category that identifiesthe signal’s source. The problem is difficult becauseinformation is not provided concerning each source’sdistinguishing characteristics and because successive signalsfrom the same source differ.The source identification problem can be made moredifficult by dynamically changing the repertoire of sourceswhile the problem is being solved. This kind of changeoccurs, for example, when a living organism encounterssomething fundamentally new and different in itsenvironment (and must adapt to it).This paper first considers the problem of evolving thedesign for an analog electrical circuit that can solve the problem of source identification for signals coming fromtwo different sources, each emitting various signals from acertain range of frequencies. Each incoming signal isidentified as coming from the first source, the second source,or neither source in this three-way version of the problem.The paper then considers a second version of the problemin which an additional source is dynamically introduced,during the run, as soon as genetic programming successfullyevolves a solution to the original three-way sourceidentification problem. The addition of the source during therun (thereby creating a four-way source identificationproblem) can be viewed as a change in the environment.One way to solve a source identification probleminvolves evolving the design of an analog electrical circuitthat satisfies the specified goal of correctly classifying theincoming signals as to their source. Automated design(synthesis) of analog electronic circuits (involving both thecircuit topology and component sizing) is recognized as adifficult problem. As Aaserud and Nielsen (1995) observe,"Analog designers are few and far between. Incontrast to digital design, most of the analog circuitsare still handcrafted by the experts or so-called ’zahs’ ofanalog design. The design process is characterized by acombination of experience and intuition and requires athorough knowledge of the process characteristics andthe detailed specifications of the actual product."Analog circuit design is known to be a knowledge-intensive, multiphase, iterative task, which usuallystretches over a significant period of time and isperformed by designers with a large portfolio of skills.It is therefore considered by many to be a form of artrather than a science."When genetic programming was used to adapt to achanging environment during the run and solve the four-waysource identification problem, we included automaticallydefined functions (Koza 1992, 1994). Of course, whenautomatically defined functions are used, we must address thequestion of how to determine the architecture of the to-be-evolved computer program (i.e., number of automaticallydefined functions, the number of arguments that they eachpossess, and the nature of the hierarchical references, if any,among them). Architecture-altering operations (Koza 1994c)enable genetic programming to determine the architecture ofa multi-part computer program dynamically during a run. Achange in the architecture of a multi-part computer programduring a run of genetic programming corresponds to achange in genome structure in the natural world. Thus, weused both automatically defined functions and architecture-altering operation for the version of the problem in whichthe number of sources changes during the run.The architecture-altering operations for geneticprogramming are motivated by the naturally occurringmechanisms of gene duplication and gene deletion inchromosome strings as described in Susumu Ohno’s seminalbook Evolution by Gene Duplication (1970). In nature,sexual recombination ordinarily recombines a part of thechromosome of one parent with a homologous part of thesecond parent’s chromosome. However, in certain rare andunpredictable occasions, recombination does not occur inthis normal way. A gene duplication is an aberrantrecombination event that results in the duplication of alengthy subsequence of nucleiotide bases of the DNA.Ohno advanced the thesis that the creation of newproteins (and hence new structures and new behaviors inliving things) begins with a gene duplication.After a subsequence of nucleiotide bases that code for aparticular protein becomes duplicated in the DNA, there aretwo identical ways of manufacturing the same protein (butno immediate change in the set of proteins that aremanufactured). However, over time, some other geneticoperation, such as mutation or crossover, may change one orthe other of the two initially identical genes. Over shortperiods of time, the changes accumulating in a gene may beof no practical effect or value. As long as one of the twogenes remains unchanged, the original protein manufacturedfrom the unchanged gene continues to be manufactured andthe structure and behavior of the organism involved maycontinue as before. The changed gene is simply carriedalong in the DNA from generation to generation.Natural selection exerts a powerful force in favor ofmaintaining a gene that encodes for the manufacture of aprotein that is important for the survival and successfulperformance of the organism. However, after a geneduplication has occurred, there is usually no disadvantageassociated with the loss of a second way of manufacturingthe original protein. Consequently, natural selection usuallyexerts little or no pressure to maintain a second way ofmanufacturing a particular protein. Over time, the secondgene may accumulate additional changes and diverge moreand more from the original gene. Eventually the changedgene may lead to the manufacture of a distinctly new anddifferent protein that actually does affect (advantageously ordisadvantageously) the structure and behavior of the livingthing. When a changed gene leads to the manufacture of aviable and advantageous new protein, natural selection againworks to preserve that new gene.Ohno also points out that ordinary point mutation andcrossover are insufficient to explain major changes."...while allelic changes at already existing gene locisuffice for racial differentiation within species as wellas for adaptive radiation from an immediate ancestor,they cannot account for large changes in evolution,because large changes are made possible by theacquisition of new gene loci with previously non-existent functions."Ohno continues,"Only by the accumulation of forbidden mutations atthe active sites can the gene locus change its basiccharacter and become a new gene locus. An escapefrom the ruthless pressure of natural selection isprovided by the mechanism of gene duplication. Byduplication, a redundant copy of a locus is created.Natural selection often ignores such a redundant copy,and, while being ignored, it accumulates formerlyforbidden mutations and is reborn as a new gene locuswith a hitherto non-existent function." (Emphasis inoriginal).Ohno concludes,"Thus, gene duplication emerges as the major forceof evolution."

In other words, it is gene duplication that enables livingthings to adapt to changing environments by acquiring newstructure, new behavior, and new functionality. Theanalogy, in the realm of computer programming, of nature’sability to adapt to changing environments is the set ofarchitecture-altering operations that enable an evolvingprogram to acquire new structure, new behavior, and newfunctionality.Section 2 of this paper provides background on theprocess of evolving analog electrical circuits using geneticprogramming. Section 3 presents the preparatory steps forthe three-way source identification problem and section 4presents the results. In section 5, adaptation to a changingenvironment is required. In section 6, the three-way sourceidentification problem is first solved and, then, the four-wayversion of the problem is solved during the same run.2 . Evolution of CircuitsGenetic programming is an extension of John Holland’sgenetic algorithm (1975) in which the population consistsof computer programs of varying sizes and shapes (Koza1992, 1994a, 1994b; Koza and Rice 1992). Recent work isdescribed in Kinnear (1994), Angeline and Kinnear (1996),and Koza, Goldberg, Fogel, and Riolo (1996).Genetic algorithms have been applied to the problem ofcircuit synthesis in the past. For example, a CMOSoperational amplifier (op amp) circuit was designed usingthe genetic algorithm with a problem-specific crossoveroperation (Kruiskamp and Leenaerts 1995); however, thetopology of each op amp was one of 24 pre-selectedtopologies based on the conventional human-designed stagesof an op amp. In his paper "Silicon Evolution," Thompson(1996) used a genetic algorithm to evolve a frequencydiscriminator on a Xilinx 6216 reconfigurable digital gatearray operating in analog mode.Genetic programming evolves computer programs thatare represented as rooted, point-labeled trees with orderedbranches. Genetic programming can be applied to circuits ifa mapping is established between the rooted, point-labeledtrees with ordered branches found in genetic programmingand the line-labeled cyclic graphs germane to circuits.Gruau’s innovative work on cellular encoding (1996) enablesgenetic programming to evolve neural networks.The principles of developmental biology suggest a wayto map program trees into circuits. The starting point of thegrowth process can be a very simple embryonic electricalcircuit. This embryo contains certain fixed and invariantelements for the circuit that is to be designed (e.g., thenumber of inputs and outputs) as well as certain wires thatare capable of subsequent modification. An electrical circuitis progressively developed by applying the functions in acircuit-constructing program tree to the modifiable wires ofthe embryonic circuit (and to the modifiable wires andcomponents of successor circuits).The functions in the circuit-constructing program treesinclude (1) connection-modifying functions that modify thetopology of the circuit, (2) component-creating functionsthat insert components into the circuit, (3) arithmetic-performing functions that appear in arithmetic-performingsubtrees as argument(s) to the component-creating functionsand that fix the component’s numerical value, and possibly(4) calls to automatically defined functions (if used).The developmental process for converting a program treeinto a circuit begins with an embryonic circuit. Figure 1shows a one-input, one-output embryonic circuit. Thisembryo contains a voltage source VSOURCE connected tonodes 0 (ground) and 1, a fixed source resistor RSOURCEbetween nodes 1 and 2, a modifiable wire Z0 between nodes2 and 3, a fixed isolating wire ZOUT between nodes 3 and5, a fixed output point (voltage probe) VOUT at node 5, anda fixed load resistor RLOAD between nodes 5 and ground.Only the modifiable wire Z0 is subject to modificationduring the developmental process.

3 . Preparatory Steps for theThree-Way ProblemThe goal is to evolve the design for an analog electricalcircuit that classifies the incoming signal into threecategories. Successive incoming signals from the samesource are different; however, their differences are small incomparison to signals coming from another source.Specifically, the desired circuit is to produce an output of1/2 volt (plus or minus 240 millivolts) if the frequency ofthe incoming signal is within 10% of 256 Hz, produce anoutput of 1 volt (plus or minus 240 millivolts) if thefrequency of the incoming signal is within 10% of 2,560Hz, and otherwise produce an output of 0 volts (plus orminus 240 millivolts). The tolerance of 240 (rather than250) millivolts was chosen to avoid the possibility of a tieand to clearly separate the classifications.Before applying genetic programming to a problem ofcircuit synthesis, the user must perform seven majorpreparatory steps, namely (1) identifying the embryoniccircuit that is suitable for the problem, (2) determining thearchitecture of the circuit-constructing program trees, (3)identifying the terminals, (4) identifying the primitivefunctions contained in the programs, (5) creating the fitnessmeasure, (6) choosing control parameters, and (7) setting thetermination criterion and method of result designation.A one-input, one-output embryo (figure 1) was used.We did not use automatically defined functions for thethree-way source identification problem. Since theembryonic circuit has one modifiable wire (and hence onewriting head), there is one result-producing branch in eachcircuit-constructing program tree.For this problem, the function set, Fccs, for eachconstruction-continuing subtree isFccs = {R, L, C, SERIES, PSS, PSL, FLIP, NOP,T_PAIR_CONNECT_0, T_PAIR_CONNECT_1}.The terminal set, Tccs, for each construction-continuingsubtree isTccs = {END, SAFE_CUT}.The function set, Faps, for each arithmetic-performingsubtree isFaps = {+, -}.The terminal set for an arithmetic-performing subtree isTaps = {´},where ´ represents random constants from —1.0 to +1.0.The evaluation of fitness for each individual circuit-constructing program tree in the population begins with itsexecution. This execution applies the functions in theprogram tree to the embryonic circuit, thereby developingthe embryonic circuit into a fully developed circuit. Anetlist describing the fully developed circuit is then created.The netlist identifies each component of the circuit, thenodes to which that component is connected, and the valueof that component. Each circuit is then simulated todetermine its behavior. The 217,000-line SPICE(Simulation Program with Integrated Circuit Emphasis)simulation program (Quarles et al. 1994) was modified torun as a submodule within the genetic programming system.For this problem, the voltage VOUT is probed at node 5and the circuit is simulated in the frequency domain.SPICE is requested to perform an AC small signal analysisand to report the circuit’s behavior for each of 101 frequencyvalues chosen over four decades of frequency (between 1 and10,000 Hz). Each decade is divided into 25 parts (using alogarithmic scale).Fitness is measured in terms of the sum, over these 101fitness cases, of the absolute weighted deviation between theactual value of the output voltage at the probe point VOUTand the target value for voltage.The three points that are closest to the band locatedwithin 10% of 256 Hz are 229.1 Hz, 251.2 Hz, and 275.4Hz. The procedure for each of these three points is asfollows: If the voltage equals the ideal value of 1/2 volts inthis interval, the deviation is 0.0. If the voltage is within240 millivolts of 1/2 volts, the absolute value of thedeviation from 1/2 volts is weighted by a factor of 20. Ifthe voltage is more than 240 millivolts from 1/2 volts, theabsolute value of the deviation from 1/2 volts is weightedby a factor of 200. This arrangement reflects the fact thatthe ideal output voltage for this range of frequencies is 1/2volt, that a 240 millivolts discrepancy is acceptable, and thata larger discrepancy is not acceptable.The three points that are closest to the band locatedwithin 10% of 2,560 Hz are 2,291 Hz, 2,512 Hz, and 2,754Hz. The procedure for each of these three points is asfollows: If the voltage equals the ideal value of 1 volt in thisinterval, the deviation is 0.0. If the voltage is within 240millivolts of 1 volt, the absolute value of the deviation from1 volt is weighted by a factor of 20. If the voltage is morethan 240 millivolts from 1 volt, the absolute value of thedeviation from 1 volt is weighted by a factor of 200.The procedure for each of the remaining 95 points is asfollows: If the voltage equals the ideal value of 0 volts, thedeviation is 0.0. If the voltage is within 240 millivolts of 0volts, the absolute value of the deviation from 0 volts isweighted by a factor of 1.0. If the voltage is more than 240millivolts from 0 volts, the absolute value of the deviationfrom 0 volt is weighted by a factor of 10.Greater weights (20 and 200) were used in the twopassbands because they contain only 6 of the 101 points.Many of the circuits that are created in the initial randompopulation and many that are created by the crossover andmutation operations cannot be simulated by SPICE. Suchcircuits are assigned a high penalty value of fitness (108).The number of hits was defined as the number of fitnesscases (0 to 101) for which the voltage is acceptable or ideal.The population size, M, was 640,000. The percentageof genetic operations on each generation was 89% one-offspring crossovers, 10% reproductions, and 1% mutations.The architecture-altering operations were not used on thisproblem. Since only one result-producing branch was usedin the embryo for this problem, the maximum size, Hrpb,for the result-producing branch was 600 points. The otherparameters for controlling the runs of genetic programmingwere the default values specified in Koza 1994 (appendix D).This problem was run on a medium-grained parallelParsytec computer system consisting of 64 80-MHz PowerPC 601 processors arranged in a toroidal mesh with a host

PC Pentium type computer. The distributed geneticalgorithm was used with a population size of Q = 10,000 ateach of the D = 64 demes. On each generation, fourboatloads of emigrants, each consisting of B = 2% (themigration rate) of the node’s subpopulation (selected on thebasis of fitness) were dispatched to each of the fourtoroidally adjacent processing nodes (Andre and Koza 1996).4 . Results for the Three-WaySource Identification ProblemA satisfactory solution to the problem was found on ourfirst run of this problem.The best circuit from generation 0 (figure 2) has a fitnessof 286.2 and scores 64 hits. It has no inductors, twocapacitors, and two resistors (in addition to the source andload resistors in the embryo).Figure 5 shows the behavior of the best circuit ofgeneration 0 in the frequency domain. The horizontal axis islogarithmic and ranges between 1 and 10,000 Hz. Noticethat this inadequate circuit pays no special attention to thefrequencies around 256 Hz and 2,560 Hz.The best circuit from generation 20 (figure 3) has afitness of 129.1 and 76 hits. Figure 6 shows its behavior.Notice the distinct areas around 256 and 2,560 Hz.The best circuit from generation 106 (figure 4) achieves afitness of 21.4 and scores 101 hits. It has seven inductors,15 capacitors, and four resistors. Figure 7 shows itsbehavior in the frequency domain. This circuit produces anoutput voltage in the correct band for incoming signals fromthe first source, the second source, and neither source.

Figure 2 Best circuit of generation 0.

Figure 3 Best circuit of generation 20.

Figure 4 Best circuit of generation 106.

5 . Preparatory Steps for theChanging Environment ProblemThe goal is to evolve the design for a circuit that changes itsstructure as the number of different sources increases.Initially the circuit classifies incoming signals into threecategories. Later the circuit undergoes modification so thatit can successfully classify signals into four categories.During the first phase, the requirements for the desiredcircuit are similar to those for the tri-state frequencydiscriminator except that one of the desired outputs is 1/3volt (instead of 1/2 volt). Specifically, the desired circuit isto produce an output of 1/3 volts (plus or minus 166millivolts) if the frequency of the incoming signal is within10% of 256 Hz, produce an output of 1 volt (plus or minus166 millivolts) if the frequency of the incoming signal iswithin 10% of 2,560 Hz, and otherwise produce an output of0 volts (plus or minus 166 millivolts).After a circuit is evolved that performs the tri-state task,the requirements are changed to include an additionalfrequency band. The run is continued with the existingpopulation until a new circuit is evolved that performs thenew task. Specifically, during the second phase, the circuitis to produce an output of 2/3 volts (plus or minus 166millivolts) if the frequency of a signal is within 10% of 750Hz while still producing an output of 1/3, 1, and 0 volts(plus or minus 166 millivolts) for the original three signals.When genetic programming was called upon to adapt to achanging environment during the run and solve the four-waysource identification problem, we included automaticallydefined functions. Since the embryonic circuit has onemodifiable wire (and hence one writing head), there is oneresult-producing branch in each circuit-constructing programtree. Each program in the initial population of programshas a uniform architecture with no automatically definedfunctions. The number of automatically defined functions, ifany, will emerge as a consequence of the evolutionaryprocess using the architecture-altering operations.The set of potential new functions, Fpotential, isFpotential = {ADF0, ADF1}.The set of potential new terminals, Tpotential, isTpotential = {ARG0}.The architecture-altering operations change the functionset, Fccs, for each construction-continuing subtree of theresult-producing and function-defining branches, soFccs = Fccs-initial ¨ Fpotential.The architecture-altering operations change the terminalset, Taps-adf, for each arithmetic-performing subtree, soTaps-adf = Taps-initial ¨ Tpotential.During the first phase, there are only two frequencies ofinterest (256 Hz and 2,560 Hz); however, in the secondphase, there are three frequencies of interest (750 Hz inaddition to the two just mentioned).In the first phase, fitness is computed as follows.The procedure for each of the three points that are closestto the band located within 10% of 256 Hz is as follows: Ifthe voltage equals the ideal value of 1/3 volts in thisinterval, the deviation is 0.0. If the voltage is more than166 millivolts from 1/3 volts, the absolute value of thedeviation from 1/3 volts is weighted by a factor of 20. Ifthe voltage is more than 166 millivolts from 1/3 volts, theabsolute value of the deviation from 1/3 volts is weightedby a factor of 200.The procedure for each of the three points that are closestto the band located within 10% of 2,560 is as follows: If thevoltage equals the ideal value of 1 volt in this interval, thedeviation is 0.0. If the voltage is within 166 millivolts of 1volt, the absolute value of the deviation from 1 volt isweighted by a factor of 20. If the voltage is more than 166millivolts from 1 volt, the absolute value of the deviationfrom 1 volt is weighted by a factor of 200.The procedure for each of the remaining 95 points is asfollows: If the voltage equals the ideal value of 0 volts, thedeviation is 0.0. If the voltage is within 166 millivolts of 0volts, the absolute value of the deviation from 0 volts isweighted by a factor of 1.0. If the voltage is more than 166millivolts from 0 volts, the absolute value of the deviationfrom 0 volt is weighted by a factor of 10.Greater weights (20 and 200) were used in the twopassbands because they contain only 6 of the 101 points.In the second phase, there is a source with a frequency ofaround 750 Hz.The procedure for each of the three points that are closestto the band located within 10% of 750 Hz is as follows: Ifthe voltage equals the ideal value of 2/3 volts in thisinterval, the deviation is 0.0. If the voltage is more than166 millivolts from 2/3 volts, the absolute value of thedeviation from 2/3 volts is weighted by a factor of 15. Ifthe voltage is more than 166 mV of 2/3 volts, the absolutevalue of the deviation from 2/3 volts is weighted by 150.In the second phase, the procedure for the six pointsnearest 256 Hz and 2,560 Hz are the same as above, exceptthat the weight is 15 and 150 (instead of 20 and 200),respectively for the complaint and non-complaint points.Lesser weights (15 and 150) were used in the three passbandsbecause 9 of the 101 points lie in the passbands.In the second phase, the procedure for each of theremaining 92 points is as follows: If the voltage equals theideal value of 0 volts, the deviation is 0.0. If the voltage iswithin 166 millivolts of 0 volts, the absolute value of thedeviation from 0 volts is weighted by a factor of 1.0. If thevoltage is more than 166 mV from 0 volts, the absolutevalue of the deviation from 0 is weighted by a factor of 10.The control parameters were the same as above, exceptfor the following: The architecture-altering operations wereused sparingly on each generation. The percentage ofoperations on each generation after generation 5 were 86.5%one-offspring crossovers; 10% reproductions; 1% mutations;1% branch duplications; 0.5% branch deletions; and 1%branch creations. Since we did not want to waste largeamounts of computer time in early generations where only afew programs have any automatically functions at all, thepercentage of operations on each generation beforegeneration 6 was 78.0% one-offspring crossovers; 10%reproductions; 1% mutations; 5.0% branch duplications; 1%branch deletions; and 5.0% branch creations. The maximumsize, Hrpb, for the result-producing branch was 600 points.The maximum number of automatically defined functions was 2. The number of arguments for each automaticallydefined function is 1. The maximum size, Hadf, for each ofthe automatically defined functions, if any, is 300 points.6 . Results with the ChangingEnvironmentThe best circuit from generation 0 (figure 11) has a fitnessof 200246.8 and 68 hits. Figure 14 shows its behavior.The best circuit from generation 41 achieves a fitness of200015.5 and 100 hits. It has 12 inductors, 13 capacitors,and two resistors (in addition to the source and load resistorsin the embryo). Because of the action of the architecture-altering operations, there is one automatically definedfunction in the program tree for this circuit. ADF0 isinvoked three times by the result-producing branch. Figure8 shows the best circuit from generation 41 before the threeoccurrences of ADF0 are expanded.

Figure 8 Best circuit from generation 41 beforeexpanding the three occurrences of ADF0.ADF0 develops differently in different contexts. In figure9, ADF0 develops into one 326 nF capacitor in twoinstances (labeled ADF0-1 and ADF0-2 in figure 8).

Figure 9 Result of developing A D F 0 - 1 andADF0-2 for the best circuit from generation 41. As shown in figure 10, ADF0 develops into twoinductors and three capacitors in the third instance (labeledADF0-3 in figure 8).

Figure 10 Result of developing A D F 0 for thebest circuit from generation 41.Figure 12 shows the best circuit from generation 41 afterexpanding the three occurrences of ADF0. Figure 15 showsthe behavior of the best circuit of generation 41 in thefrequency domain. Notice the emergence of two distinctpeaks around 256 Hz and 2,560 Hz.The best circuit (figure 13) from generation 85 achieves afitness of 404.3. It scores a total of 199 hits, including all101 hits possible from the first phase. It has 23 inductors,20 capacitors, and five resistors (in addition to the source andload resistors in the embryo). ADF0 is invoked twice.Figure 13 shows the best circuit from generation 85 afterexpanding its two automatically defined functions, ADF0and ADF1. Figure 16 shows the behavior of the best circuitof generation 85 in the frequency domain.7 . Computer TimeThe run for the three-way frequency discriminator describedabove took 43 hours and processed about 67,840,000individuals through the SPICE simulation and the othersteps. The 64 80 MHertz processors operate together at acombined rate of 5.12 giga Hertz, so that there were about 8· 1014 clock cycles in the run. The run for the changingenvironment described above took about 48 hours (about 9 ·1014 clock cycles). We make the rough approximation ofone clock cycle to one computer operation and round offboth of the above numbers to 1015 operations.Noting that the human brain has about 1012 neuronsoperating at an approximately millisecond rate, we designatethe gross quantity of 1015 operations as a brain second (1bs) of computer operations. Thus, both versions of thesource identification problem used about one brain second(i.e., a petaflop of operations spread over two days, insteadof one second) to produce a satisfactory circuit. However, asdescribed in Enabling Technologies for PetaflopsComputing (Sterling, Messina, and Smith 1995), the era ofpetaflops computing (in which 1015 operations areperformed in one second) is imminent.Interestingly, six other problems solved with geneticprogramming and one other solved with anotherevolutionary algorithm have required approximately onebrain second to produce a result that is arguably competitivewith the result produced by humans on the same problem.Approximately 1 brain second was required to evolve aone-dimensional cellular automata rule for the majorityclassification task whose accuracy (82.326%) exceeds that ofthe original 1978 human-written Gacs-Kurdyumov-Levin(GKL) rule, all other known subsequent human-writtenrules, and all other known rules produced by automatedapproaches for this problem (Andre, Bennett, and Koza1996).Also, the performance of four different versions ofgenetic programming (Koza 1994a, Koza and Andre 1996a,1996b) on the transmembrane segment identificationproblem is slightly superior to that of algorithms written byknowledgeable human investigators. Approximately 1 brainsecond was required to produce each of these four results.

Figure 11 Best circuit from generation 0.

Figure 12 Best circuit from generation 41 afterexpanding the three occurrences of ADF0.

Figure 13 Best circuit from generation 85 afterexpanding its automatically defined functions.In addition, approximately 1 brain second ofcomputational effort was required for the runs of geneticprogramming that successfully evolved protein motifs fordetecting the D-E-A-D box family of proteins and fordetecting the manganese superoxide dismutase family as wellor better than the comparable human-written motifs found inthe PROSITE database (Koza and Andre 1996c).Juille’s discovery (1995), using evolutionarycomputation, of a sorting network for 13 items that wassmaller than the best network in Knuth (1973) consumedapproximately 0.8 brain seconds (Juillie 1997).

Goldberg, D. E., Fogel, D. B., and Riolo, R. L. (editors).Genetic Programming 1996: Proceedings of the FirstAnnual Conference. Cambridge, MA: MIT Press.Andre, David and Koza, John R. 1996. Parallel geneticprogramming: A scalable implementation using thetransputer architecture. In Angeline, P. J. and Kinnear,K. E. Jr. (editors). 1996. Advances in GeneticProgramming 2. Cambridge: MIT Press.Angeline, P. J. and Kinnear, K. E. Jr. (editors). 1996.Advances in Genetic Programming 2. Cambridge, MA:MIT Press.Gruau, Frederic. 1996. Artificial cellular development inoptimization and compilation. In Sanchez, Eduardo andTomassini, Marco (editors). 1996. Towards EvolvableHardware. Lecture Notes in Computer Science, Volume1062. Berlin: Springer-Verlag. Pages 48 — 75.Holland, John H. 1975. Adaptation in Natural andArtificial Systems. Ann Arbor, MI: University ofMichigan Press.Juille, Hugues. 1995. Evolution of non-deterministicincremental algorithms as a new approach for search instate spaces. In Eshelman, L. J. (editor). Proceedings ofthe Sixth International Conference on GeneticAlgorithms. San Francisco: Morgan Kaufmann. 351—358.Juille, Hugues. 1997. Personal communication.Kinnear, Kenneth E. Jr. (editor). 1994. Advances inGenetic Programming. Cambridge, MA: MIT Press.Knuth, Donald E. 1973. The Art of ComputerProgramming. Vol. 3. Reading, MA: Addison-Wesley.Koza, John R. 1992. Genetic Programming: On theProgramming of Computers by Means of NaturalSelection. Cambridge, MA: MIT Press.Koza, John R. 1994a. Genetic Programming II: AutomaticDiscovery of Reusable Programs. Cambridge: MIT Press.Koza, John R. 1994b. Genetic Programming II Videotape:The Next Generation. Cambridge, MA: MIT Press.Koza, John R. 1994c. Architecture-altering operations forevolving the architecture of a multi-part program ingenetic programming. Stanford University ComputerScience Dept. technical report STAN-CS-TR-94-1528.Koza, John R. and Andre, David. 1996a. Classifyingprotein segments as transmembrane domains usingarchitecture-altering operations in genetic programming.In Angeline, Peter J. and Kinnear, Kenneth E. Jr.(editors). 1996. Advances in Genetic Programming II.Cambridge, MA: MIT Press.Koza, John R. and Andre, David. 1996b. Evolution ofiteration in genetic programming. In EvolutionaryProgramming V: Proceedings of the Fifth AnnualConference Cambridge, MA: MIT Press.Koza, John R. and Andre, David. 1996c. Automaticdiscovery of protein motifs using genetic programming.In Yao, Xin (editor). 1996. Evolutionary Computation:Theory and Applications. Singapore: World Scientific.Koza, John R., Andre, David, Bennett III, Forrest H, andKeane, Martin A. 1996. Use of automatically definedfunctions and architecture-altering operations in automatedcircuit synthesis using genetic programming. In Koza,John R., Goldberg, D. E., Fogel, D. B., and Riolo, R. L.(editors). 1996. Genetic Programming 1996:Proceedings of the First Annual Conference. Cambridge,MA: MIT Press.Koza, John R., Bennett III, Forrest H, Andre, David, andKeane, Martin A. 1996a. Toward evolution of electronicanimals using genetic programming. Artificial Life V:Proceedings of the Fifth International Workshop on theSynthesis and Simulation of Living Systems.Cambridge, MA: The MIT Press.Koza, John R., Bennett III, Forrest H, Andre, David, andKeane, Martin A. 1996b. Four problems for which acomputer program evolved by genetic programming iscompetitive with human performance. Proceedings of the1996 IEEE International Conference on EvolutionaryComputation. IEEE Press. Pages 1—10.Koza, John R., Bennett III, Forrest H, Andre, David, andKeane, Martin A. 1996c. Automated design of both thetopology and sizing of analog electrical circuits usinggenetic programming. In Gero, John S. and Sudweeks,Fay (editors). Artificial Intelligence in Design ’96.Dordrecht: Kluwer. Pages 151-170.Koza, John R., Bennett III, Forrest H, Andre, David, andKeane, Martin A. 1996d. Automated WYWIWYG designof both the topology and component values of analogelectrical circuits using genetic programming. In Koza,John R., Goldberg, D. E., Fogel, D. B., and Riolo, R. L.(editors). 1996. Genetic Programming 1996:Proceedings of the First Annual Conference. Cambridge,MA: MIT Press.Koza, John R., Bennett III, Forrest H, Andre, David, andKeane, Martin A. 1997. Evolution using geneticprogramming of a low-distortion 96 Decibel operationalamplifier. Proceedings of the 1997 ACM Symposium onApplied Computing, San Jose, California, February 28 —March 2, 1997. New York: Association for ComputingMachinery. Pages 207 - 216.Koza, John R., Goldberg, D. E., Fogel, D. B., and Riolo,R. L. (editors). 1996. Genetic Programming 1996:Proceedings of the First Annual Conference. Cambridge,MA: The MIT Press.Koza, John R., and Rice, James P. 1992. GeneticProgramming: The Movie. Cambridge, MA: MIT Press.Kruiskamp, Marinum Wilhelmus and Leenaerts, Domine.1995. DARWIN: CMOS opamp synthesis by means of agenetic algorithm. Proceedings of the 32nd DesignAutomation Conference. New York, NY: Association forComputing Machinery. 433—438.Ohno, Susumu. 1970. Evolution by Gene Duplication.New York: Springer-Verlag.Quarles, Thomas, Newton, A. R., Pederson, D. O., andSangiovanni-Vincentelli, A. 1994. SPICE 3 Version3F5 User’s Manual. Dept. of Electrical Engineering andComputer Science, Univ. of California, Berkeley, CA.Sterling, Thomas, Messina, Paul, and Smith, Paul H.1995. Enabling Technologies for Petaflops Computing.Cambridge, MA: The MIT Press.Thompson, Adrian. 1996. Silicon evolution. In Koza,John R., Goldberg, D. E., Fogel, D. B., and Riolo, R. L.(editors). 1996. Genetic Programming 1996:Proceedings of the First Annual Conference. Cambridge,MA: MIT Press.

Version 2 — G-084 — Camera-Ready — SubmittedMarch 25, 1997 to GP-97 Conference