R I (Bob) McKayCanberra, ACT, Australia

+61 2 6268 8169This paper investigates sharing in programming. Implicit sharing is to populations of programs. Three sharing, and asharing to The 6- and 11-multiplexer problems Using the same population improvement in both problems. Further on membership again, improvements in rate. Conversely, sharing runs results to using populations two to smaller. population diversitysuggest that the results are due to by the fitness sharing runs. INTRODUCTIONto a wide problems, including some to than the best human has demonstrated. Nevertheless, genetic programming, like allevolutionary algorithms, the variation is a population individuals acomplete solution is achieved.has heavily studied in evolutionary community, and a number of mechanisms and variation within proposed. class such mechanisms by the sharing. Fitness sharing by and (1989). That known as explicit sharing, on a metric to cluster population members. Members which similar to other punished this similarity bybeing to their while individuals retain all the fitness value that they achieve.Some later, Smith, Forrest and Perlson implicit sharing problems. Implicit fitness sharing the explicitin that no explicit metric is Instead, all population which aImplicit sharing extends to many programming but with the programming a risk that the sharing may dissipated. This paper investigates fitness sharing for genetic programming problems. Implicit sharing makes the assumption that an individual may be by summing its a set each sub-problem having only a small number outcomes (often two). For example, with problems, the the individual is the sum the the individual and the individual case is 1 if the individual correctly predicts that The implicitly an individual bythe number individuals which the Implicit sharing provides selection individual to predictions individuals, the simple to which is provided by sharing gives a less than with this result in

f i reward i c

reward i c

share

i i c i c c cases

( ) =

( )

( )

¢ ( ) ( )

¢ ( ) = ( )

˛ �

�

: '

f i reward i c

raw

c cases

( ) =_{( )( )}

˛

�

in a run, but is more than these problems, by a in EXPERIMENTAL PROBLEMSThree simple prediction problems were used as test the 6- and 11-multiplexer problems and the membership problem. The 6-multiplexer problem is the output a multiplexer having as inputs twoand lines; the 11 multiplexer extends this to and eight lines. list membership task is to a Table 1: 6-Multiplexer GrammarEXPR BOOLBOOL TERMBOOL and BOOL BOOLBOOL or BOOL BOOLBOOL not BOOLBOOL fi if BOOL BOOL BOOLT E R M a0TERM a1TERM d0TERM d1TERM d2TERM d3Table 2: List Membership GrammarS MM if EXPN EXPN MM ’’EXPN atom LSTEXPN eq LST LSTEXPN member x LSTEXPN trueLST first LSTLST rest LSTLST xLST yThe software is based on Ross’ (1999) DCTG-GP by the implicit DCTG-GP is a system (Whigham, 1995), but the grammars used in simple typing, so the results to many programming. and lineline terminals, in the latter.The grammar used for the list membership problem 2) permits the system to a definition. allows the possibility loops. To handle this, a count of the depth of looping kept, and a depth than 20 the the ’loop’, which in GENETIC PROGRAMMING PARAMETERSThe used initialisation, tournament selection. Parameter settings are in Table 3.Table 3: Multiplexer GP Parameters100100 / 400Population Size500Max depth (initial pop)810Tournament size5Crossover ProbabilityMutation ProbabilityThe the 6-multiplexer For the multiplexer experiments, computation time all 2048 so a random subset 64distinct cases, independently selected The 6 multiplexer runs at 100or a solution The 11 multiplexer runs at 400or on a solution (this taken to be a correct solution the 64 test that- the solution not against remaining 1984 While some may this does not

Table 4: List Membership GP Parameters100200Population Size1000Max depth (initial pop)810Tournament size5Crossover ProbabilityMutation ProbabilityFor the list membership problem, a set membership used: ten positive and negative cases, as shown in table 5:Table 5: List Membership CasesPOSITIVE CASESNEGATIVE CASESmember(1 [1])member(1 [6])member(1 [2 1])member(1 [3 6])member(1 [2 3 1])member(1 [2 3 6])member(1 [2 3 4 1])member(1 [2 3 4 6])member(1 [2 3 4 5 1])member(1 [2 3 4 5 6])member(1 [2 3 4 5 6 1])member(1 [2 3 4 5 6 7])member(1 [2 3 4 5 6 7 1])member(1 [2 3 4 5 6 7 8])member(1 [2 3 4 5 6 7 8 1])member(1 [2 3 4 5 6 7 8 9])member(1 [2 3 4 5 6 7 8 9 1])member(1 [2 3 4 5 6 7 8 9 2])member(1 [2 3 4 5 6 7 8 9 2 1])member(1 [2 3 4 5 6 7 8 9 2 3]) implicit fitness sharing sharing the 25% the last 25%, with a ramp the two - and normalised 6-MULTIPLEXER RESULTSAs shown in table 3, using a solution reliably, but the treatment failed to find a solution in 16% of runs.Table 6: 6-Multiplexer Results% SOLUTIONS84100100Figure 1: 6-Multiplexer, Solutions FoundFigure 1 shows the solutions the 6 multiplexer, by The two the Figure 2: 6-Multiplexer, Error of Best IndividualFigure 2 shows the the best the 100 runs Again, two sharing yield consistently results than that using raw fitness (the first ten are omitted to permit reasonable clarity in the graph).The aim sharing is to diversity in population. the population is highly diverse, then allin the will be equally likely to be this is the principle behind implicit sharing), so that a low in to adiverse population. Conversely, if the population has lowdiversity, some will be than and the variance in cover will be high. Figure 3 shows and illustrates ability of sharing to maintain population diversity

11-MULTIPLEXER RESULTSTable 7: 11-Multiplexer Results% SOLUTIONS509999With the 11 multiplexer, is a the fitness sharing, and that using 99 100 using sharing, throughout or ramped, a solution, but only 50 of 100 runs using raw fitness did.Figure 4: 11-Multiplexer, Solutions FoundThe fitness sharing the all There is a hint that the in sharing the ramping cuts in at 50 give slightly but at the cost twoFigure 5: 11-Multiplexer, Error of Best IndividualFigure 5 shows the the best runs (the Figure 6 shows the ability sharing maintain population diversity. In this the in diversity in runs as takes over. There is athe 5). This the

LIST MEMBERSHIP RESULTSThe list membership problem yielded similar results: two sharing the Table 8: List Membership Results% SOLUTIONS637979Figure 7: List Membership, Solutions FoundFigure 8: List Membership, Error of Best IndividualFigure 9: List Membership, Cover VarianceThe the best individual, 200 runs treatment, shows similar results 8), though the oscillatory the interesting. On examination, the populations many runs contain a group individuals with low high and group individuals with higher rate, a subset the test in the size the set its to the first set, and to the selection it, resulting in the oscillations seen.This oscillatory behaviour also be in The results indicate that fitness sharing leads to kept the same. But computational important issue in genetic programming. allows us to obtain similar runs, then it will also allow us to obtainsmaller sized runs. on populations to what population size similar to with populations in the preceding runs.

Table 9: GP Parameters for Multiplexer Population Size100 / 400Population Size0 - 500 (steps ofMax depth (initial pop)810Tournament size5Crossover ProbabilityMutation ProbabilityFor the treatment, the population size held, as at 500. The sharing the population size in Experiments run both the 6- and problems. As in the previous series of experiments, the multiplexer run 100 by The 11-multiplexer run to 400this does not show all but computational limitations longer runs, and also limited the population step sizes 100 (50 the and the number runs Table 10: GP Parameters for List Membership Population100200Population Size0 - 1000 (steps ofMax depth (initial pop)810Tournament size5Crossover ProbabilityMutation ProbabilityFor the list membership problem, in the treatment, the population size held at 1000. sharing the population size 100. As in the previous 6-MULTIPLEXER RESULTSTable 11: 6-Multiplexer Size Comparisons50050045040035030025020015010050841001009899999791897452The second row the table shows the size, the percentage of complete solutions over 100 runs.Figure 10 shows the the best runs (the generations are omitted to permit clarity in The results show that is a the number in the run and the size. Fitness sharing with a population of 150 raw fitness with a population of 500 about 50, but to obtain high a population is as previously discussed, is marginally than for fitness sharing, even with similar populations).Figure 10: 6-Multiplexer Size ComparisonsTable 12: 11-Multiplexer Size Comparisons50050040030020010060100100989026The second row the table shows the size, the percentage of complete over 50 runs. Stochastic noise given slightly different values in columns 1 & 2 from those in table 7.

Figure 11: 11-Multiplexer Size ComparisonsFigure 11 shows the the best runs (the generations are omitted to permit clarity in number in the run and population size. Fitness sharing with apopulation 200 with aTable 13: List Membership Size Comparisons100010009008007006005004003002001006379777961656866463919The second row the table shows the size, the percentage of complete solutions over 50 runs.Figure 12: List Membership Size ComparisonsFigure 12 shows the the best the 200 runs treatment. the oscillatory previously noted, the more to interpret, but it is that to the runs is by shared runs with roughly half the population size.Figure 13: List Membership Size ComparisonsThe ’runs incomplete’ plot 13) shows behaviour. There is a strong suggestion that the population fitness shared runs have not yet 200 so that runs completed due to computational cost) might have RELATED WORKA wide other diversity-promoting have been studied in the evolutionary community, them island models (Tanese, 1989), mating 1989), and Jong’s 1989). these, only island models in 1995), with the emphasis being on parallelism than diversityBy with island models, to diversity directly promote variation the population, rather than simply permitting populations to survive through isolation, potentially provide opportunity On the other hand, implicit the computation population-wide statistics and is implementation. sharing and models not incompatible - sharing may attractive as an additional diversity-promoting within the demes of an island model.

FURTHER WORKthat programming on two problems. on problems As mentioned in discussion, is usually aswitching sharing to due to the mixed approaches, using fitness sharing early in a run the end, potential used shows one simple to exploit this, but many other Investigations a number way. Further also progress on combining fitness sharing with populations partial and with committee methods population evaluation.The aim sharing is to maintain diversity and thus But strongly associated with the phenomenon of bloat et al, 1995). Thus one would to bloat. Results the donot support this expectation - the tree depth and sharing runs almost Interestingly, combining sharing do show a modest in bloat. Implicit sharing applied to the 6- and 11-multiplexer problems and the list membership problem results in improvements in the reduction appears to be due to the ability of fitness to maintain population diversity.Conversely, sharing permits populations to similar to populations using raw fitness. In the obtained, with a in cost - the cost computing the The ideas in this discussions the with Paul Whigham, Xin Yao and Ko-Hsin Liang. The system implemented through to Brian innovative DCTG-GP system, which contributed to the rapidity with which a wide algorithms could be prototyped in the development of system. My thanks also to the this their contributions to the clarity of the exposition.Andre, D and J R ’Parallel Programmingon a Network of Transputers’ in J Rosca of the Workshop on Programming: From to , Pp 111-120, Deb, K and Goldberg, D E: ’An investigation of niche optimization’ in J Dof the Third on , Pp 42-50, Goldberg, D E Algorithms in Optimisation, and , 1989Montana, D J: ’Strongly Typed Technical Report BBN 7866, Bolt Beranek and Inc, Cambridge MA, 1994Nordin, P, F and W: introns and in programming’ in J Rosca of on Programming: From Theory , Pp 6-22, 1995Ross, B J: Programming Translation Grammars’, Technical #CS-99-02, Dept of Computer Science, Brock St Catharines Ontario, 1999Smith, R E, Forrest, S and Perelson, A S: with Evolutionary Computation 1(2), Pp 127-149, 1992Tanese, R: ’Distributed Genetic Algorithms’ in D of the Third International on , Pp 434-439, 1989Whigham, P A: Programming’ in J Rosca of on Programming: From Theory , Pp 33-41, 1995Whigham, P A: Bias PhD Thesis, University College, South