Dagmar Sternad� and Stefan Schaal�Center for the Ecological Study of Perception and Action, University of Connecticut, 406Babbidge Road, Storrs, CT, 06268; �Department of Brain and Cognitive Sciences and theArtificial Intelligence Laboratory, MIT, 545 Technology Square, Cambridge, MA, 02139(Email: sschaal@ai.mit.edu)In: Nadel, L., & Stein, D. (Eds.), 1992 Lectures in complex systems (pp.647-661).Redwood City, CA: Addison-Wesley.A Genetic Algorithm for Evolution from an

Ecological Perspective

Abstract: In the population model presented, an evolutionary dynamic is ex-plored which is based on the operator characteristics of genetic algorithms.Essential modification of genetic algorithms are dynamic boundary conditionsand the inclusion of a constraint in the mixing of the gene pool. The pairing forcrossover is governed by a selection principle based on a complementarity crite-rion derived from the theoretical tenet of perception-action mutuality of ecologi-cal psychology. According to Swenson and Turvey this mutuality principle is aconsequence when evolution is viewed from a thermodynamical perspective.The Second Law of thermodynamics becomes a physical selection principle bywhich increasing complexity produces an increase in the rate of dissipation. Thepresent simulation tested the contribution of selective recombination. The effectis measured by the rate of energy dissipation, as well as in three operationalizedaspects of complexity. The results support the predicted increase in the rate ofenergy dissipation, paralleled by an increase in the average complexity of thepopulation. The spatio-temporal evolution of this system, i.e. its frequency dis-tribution of changes in population size, displays the characteristic power-law re-lations of a nonlinear system poised in a critical state.1. Introduction

In Darwin’s account of evolution the central principle for a species’ successful adaptationand development is natural selection, a purely a posteriori fitness evaluation for ran-domly created individuals. In search for an a priori account to the prototypical questionof how a complex dynamical system evolves toward functional efficiency, the theory ofcomplexity has provided a new perspective, largely based on results from molecular biol-ogy. Recently Swenson and Turvey11 adopted a somewhat unorthodox stance, which canbe seen as a reaction to Neo-Darwinistic approaches in proposing thermodynamic prin-ciples for selection11,12. Their argument combines two assumptions: Firstly, in accor-dance with irreversible thermodynamics, the basic unit is conceived as an open system,embedded in a global system which obeys the Second Law of thermodynamics. Secondly,in allegiance to the central tenet of Ecological Psychology, animal and environment areviewed to form a cyclically related system, in which perceiving and acting mutuallycondition each other4,5,9,12. The relation between perceiving and acting is lawful, andbehavior is goal-directed. In contrast to Neo-Darwinist theories which focus on the ge-netic code as the analytic level of choice, this conceptual framework chooses interactivebehavior as the focus of analysis.

2D. Sternad and S. SchaalSwenson and Turvey�s argument comprises four major steps: (1) Thermodynamicprinciples, as foremost expressed by the Second Law, are the fundamental laws that gov-ern the evolution of matter in the universe. (2) Highly ordered states, which at first sightseem to defy the development toward final maximum disorder, are factually in concor-dance with classical thermodynamics, because complex states increase the rate of energydissipation and, hence, entropy production. (3)The way by which matter increases the rateof energy dissipation is the assembly of living matter into higher-order states by way ofan active, perceptually-guided behavior. (4) The key unit in this self-organizing process isthe dual relation between organism and environment via Gibson’s notion of informationand the mutual conditioning of perception and action. Information from the environmentis determined by the organism’s action which, in turn, creates the information.The following population model applies, in the main, the operators from geneticalgorithms, but introduces the notions of open systems and intentional behavior. We startwith a brief outline of some assumptions of ecological psychology, followed by the spe-cific goals and the required modifications of genetic algorithms. A numerical experimentwill be presented which tests the effects of a goal-directed behavior in the evolution of apopulation.2. Some Tenets from Ecological Psychology

In line with irreversible thermodynamics2,3, the ecological perspective on adaptive be-havior, in particular its focus on the perceptual control of movement coordination, em-phasizes that biological systems are open and constantly absorb energy from, and dissi-pate energy to the environment7. The central tenet of ecological psychology is that an an-imal together with its environment constitutes such a dynamical system and is definedover their mutual relation and is not reducible into its two components11. The principle ofthe mutuality of perceiving and acting emphasizes that an animal�s perception of the envi-ronment provides control constraints for the animal’s actions, in turn, the animal’s actionsprovide constraints on the perceptual information from the environment. This is referredto as the perception-action cycle. In this theoretical framework, the concept of informa-tion is reformulated. In contrast to Shannon’s concept of information which is a quantity,neutral with respect to its subject matter, ecological information is specific to what it in-forms about and symmetrically defined over perceiver and environment. Observables aredefined for the dual pair of perceiver and environment. The detection of information inthe environment controls the behavior, which itself accomplishes the detection of relevantinformation. Two points will be picked up in the model: (1) The inexorability of goal-di-rected behavior which is lawfully specified by information, and (2) this information ismutually defined over animal and environment. As a result, organisms evolve towardstates of higher complexity, the rate of energy dissipation increases and entropy produc-tion in the whole system is increased.

A Genetic Algorithm for Evolution from an Ecological Perspective33. Goals of the Model and Definition of Operators and their DynamicsIn the following simulation, some modifications of the original idea of genetic algorithmsare introduced, which, in fact, transform the original optimization strategy into an artifi-cial population which displays complex behavior. Foremost amongst these changes is theconstruction of individual units as open systems, which are characterized by an inflowand outflow of energy. In total, the modifications can be viewed as an emphasis of the de-terministic aspect of the model. The major modifications are:(1)The modeling of bit strings as open systems with energy flow, where inflow andoutflow are determined independently.(2) The notion of random selection of bit strings, where in each generation every bitstring can cross with every other string, is replaced by a goal-directed selection ofthe crossing partner.(3) The predetermined and static fitness function is replaced by dynamic boundaryconditions for the population’s development.(4) The interactions between these open systems and their dynamic environment aregoverned by nonlinear functions.In a numerical experiment we want to show that these modifications lead to a behavior,in which:(1) Evolution towards a higher degree of complexity is achieved.(2) The rate of energy dissipation on the global scale increases with the rising complexity in the individual strings.(3)This state of higher complexity displays the properties of a critical state with apower-law distribution in the fluctuations of the population size.(4)The fractal characteristics, as predicted by the hypothesis of self-organized criticality, are more pronounced when the perception-action is included.To aid the intuitive understanding of the algorithmic operators and parameters il-lustrative language is frequently chosen to describe the structural ingredients of themodel.Population: The individuals of the population are strings of binary units. Theseunits can be either M (for meat units) or V (for vegetable units). The initial populationconsists of a random selection of such strings of equal initial length. Each string is at-tributed a fitness value which is uniformly set for all individuals in the beginning andwhich will become a function of energy flow and its complexity.Energy inflow: Energy inflow, or "food uptake" by the individuals, is determinedby their present configuration. The minimal requirement for a string to absorb energy is asequence of adjacent M�s or V�s. Beyond a minimal length of this "eating block", food ofthe same type as the block can be eaten. The amount of energy inflow is a weak powerfunction of the actual length of this eating block. Simultaneously, the same quantity offood is subtracted from the respective energy resource. M’s are subtracted from the "meatbasket" and the stock in the "vegetable basket" is reduced when V’s are eaten. To accountfor the typical dynamic of supply and demand, as known from market economy, an addi-

4D. Sternad and S. Schaaltional nonlinearity governs the increase of the string�s fitness value: the greater the sup-ply, the easier fitness can be increased; the lesser the supply, the lesser energy can beadded to the fitness balance. Subsequently, the fitness value of each bit string is updated.The length of the strings is not affected by this energy uptake. In the case when one bitstring has more than one eating block, of the same or of a different type, its fitness can beincreased through all of them. Food depletion, on the other hand, is a linear function ofthe available supply.Energy supply: An initial energy supply is provided by the two "baskets" of V’s(vegetables), and M�s (meat) which are refilled at each iteration. To obtain the noncon-stant replenishment, observed in real market situations, the replenishment is scaled by aGaussian distribution function: If the food supplies are high or low, filling up is relativelylow, while in the midrange the replenishment is optimal. This nonlinearity amplifies thesituation, when food is scarce and it prevents unbounded growth, when food is availablein abundance.Energy dissipation: The energy inflow is counterbalanced by an energy outflow.This dissipation of energy is determined by the "effort" for the string to find the bestmating partner. Thus, energy dissipation is closely linked to reproduction and the goal toimprove its offspring’s fitness. This is the point where the principle of the perceiving-act-ing cycle comes into play.Energy flow on a micro and macro scale: For the individual, food intake and en-ergy dissipation determine a flow through the system, which is monitored by the fitnessindex. Each flow is governed by different nonlinearities, but there is a balance betweenenergy uptake and consumption. Likewise, on the macro level of the ecosystem, whichcomprises the total population and the food resources, an energy flow is set up throughthe replenishment of food and the summative dissipation of energy of all the individuals.Mating and perception-action cycle: As the fitness index is a function of the abil-ity to eat, which itself is determined by the length of the eating block, a viable searchprinciple must lead to an increase of the length of this homogeneous block. To implementa degree of directedness in the selection of a mating partner, a complementary measure isintroduced which attempts to capture information as a dually defined concept. The degreeof complementarity is quantified by the Hamming distance, defined as the sum of the dif-ferences between the genes at corresponding locations in the sequence (identical genesyield zero, nonidentical genes count as 1). The larger H, the higher the probability that the(double) crossover will replace the units of less favored type. In other words, given itsown particular sequence, the most complementary string is selected for crossover. Thissearch, however, is not conducted over the whole population, but only over a subset. Thesize of this subset is calculated as a linear function of the string’s length and its fitness.This takes into account the fact that the longer and fitter a bit string, the larger the subsetmust be to provide an adequate choice. It also pays tribute to the fact that the higher thedegree of heterogeneity, the more choice is necessary to find a matching partner whichprovides potential improvement. This advantage of a large subset is counterbalanced bythe disadvantage that the larger the subset, the longer is the search and the more energy isdissipated. Additionally, the dissipation of energy is proportional to the string’s length.As a result, the subset together with dissipation is a nonlinear function of string length.

A Genetic Algorithm for Evolution from an Ecological Perspective5Consequently, energy outflow is the price the organism has to pay for a higher probabilityto increase energy inflow in the next generation.Mating and crossover: Unlike the Mendelian view, the pairing for the crossover isnot random, but is directed by the individual’s intention to increase the chance of survival.As fitness is a function of the ability to eat, i.e. the length of the eating block, a viablesearch principle must lead to an increase of the length of this homogeneous block. In afirst step, a partner for crossover is selected according to maximal Hamming distance.Then double crossover, instead of single crossover, is used to provide an operation thatoptimizes the possible gain from the selected partner. To strike a balance between chanceand self-directed improvement, the two points of crossover remain random. Each stringcan partake in crossover only once per iteration.Mutation: Stochasticity is incorporated at two instances. Firstly, the biologicalprinciple of mutation is instantiated as the flipping of a single bit. In the situation whenthe population of individuals has settled on an equilibrium with predominantly meat-eat-ing or vegetable-eating population, random mutation becomes the source for changewhen the respective food resources are depleted. It also acts as a disturbing factor to thegoal-directed development. Secondly, mutation can change the length of a genome.Longer genomes have a higher chance to assemble a sizable eating block, but also dissi-pate more energy in the pairing process. Hence, as the advantages of eating ability anddissipation are counterbalanced.Reproduction: Reproduction is not linked to crossover, but is independently regu-lated by the fitness index. When the fitness index reaches a critical threshold, duplicationof the genome occurs. The two identical offspring then start with half of the parent’s fit-ness value.Extinction: Reproduction is counterbalanced by extinction. When the fitness valuedecreases to zero, the string dies. As reproduction and extinction are defined individually,this leads to overlapping generations.4. A Numerical Experiment

The pivotal point of the present endeavor is an evaluation of the role of a purposivesearch principle in the restructuring of components, in particular its effect on the system’sentropy production and degree of complexity obtained by the system’s individuals.According to Swenson and Turvey’s hypothesis, the perception-action principle is a nec-essary constituent to obtain an increase in the rate of entropy production and increase incomplexity. Extending these suppositions we also expect that the system�s spatial andtemporal variables satisfy the characteristic features of a system at its critical state1. Inparticular we anticipate power law relations with an exponent between -1 and -2.MethodThe population experiment was run with two conditions. The first condition includes theperception-action principle, referred to as the "Perception-Action-Run" (P-A-run). In thesecond condition the selection of mating partners purely follows chance, and will becalled the "Random-Search-Run" (R-S-run). All other parameters and relationships arekept the same. For each condition 25 runs over 10,000 generations were performed.

6D. Sternad and S. SchaalOperationalization of complexity (C) and entropy production (EP)Complexity: To express complexity in a single quantity poses practical and theo-retical problems. To set apart our approach, based on combinatorial and probability con-siderations, from more philosophically grounded definitions, the measure will be calledheterogeneity. Possible candidates are absolute length, the proportion of M’s and V’s inthe sequence, and the number of alternations from M to V within one string. The compli-cating factor is the theoretical requirement that complexity, viz., heterogeneity shouldcorrespond to fitness, as well as constitute a fairly improbable state. For instance, whenlooking at the number of alternations alone, the maximal number does express maximalheterogeneity, but it is not the most improbable state. The most probable state lies be-tween an uninterrupted sequence of alternations and absolute homogeneity, and the prob-ability follows the binomial distribution. A subsequent comparison with the binomial dis-tribution can therefore give an estimate of its probability. Absolute length also has to beconsidered, because the way energy dissipation is defined makes it directly proportionalto absolute length. Rather than forcing these aspects into one quantity, we opted to leavethese interrelations transparent and use three separate measures to describe heterogeneity:1) Absolute Length: L = number of bits in the string.2) Relative number of alternations: Arel = A / Amax (with Amax = L - 1).3) Relative content of M�s or V’s : Mrel = M / L, or Vrel = V / L.Rate of entropy production: Within the confines of the model it seems viable tooperationalize entropy production with the total energy dissipation of the individuals. Therate of change in the entropy production DEP is calculated from the average change inenergy dissipation per generation DEdiss over the number of individuals (N):DEP= DEdiss / NSelf-organized criticality: To test for the predictions of self-organized criticalitythe summative measure of population size Npop and its change was chosen to capture thedynamic of the different effects. For the operationalization, Npop was registered every 10generations and the consecutive measures were subtracted. The data points were binnedand displayed in a histogram. The exponent of the power function was obtained from thedouble-logarithmic plot, in which the slope of the linear regression yields the exponent.Parameters: The experiment was conducted with the following parameters: initialpopulation (100), initial string length (10), initial fitness index (6.0), initial food supply(300/300), food replenishment (50 per iteration, multiplied by a Gaussian being a func-tion of the current food supply), minimal length for an eating block (5), reproductionthreshold (15), crossover rate (50%), mutation rate for bit flip (.005), mutation rate forlength change (.00002).

A Genetic Algorithm for Evolution from an Ecological Perspective75. Results

Two exemplary time series in Figure 1 and 2 illustrate the behavior of the population over2000 iterations.

0

0.5

1

700 800 900 1000 1100 1200 1300 1400 1500 1600 1700

Proportion in Population

Generations

Meat Eaters Veggie Eaters

FIGURE 1 Example of temporal evolution of meat and vegetable eaters in the population

0

100

200

300

400

500

700 800 900 1000 1100 1200 1300 1400 1500 1600 1700

Number of Units

Generations

Meat Supply Veggie Supply

FIGURE 2 Example of temporal dynamics of meat and vegetable supplies.Heterogeneity:S-run length L increases after 1000 generations, but then clearly stays below the value ob relthroughout the evolu

D. Sternad and S. Schaaldecrease in both conditions indicates the trend toward more homogeneity.

051015 0 5000 10000

Mean Length L

Generations P-A runR-S run

0%

50%

100%

0 5000 10000

Mean Percentage A_{rel}and M_{rel}

Generations

Alternations A_{rel} Proportion of Meat Units M_{rel}

FIGURE 4 Change of alternations Arel and proportion of meat units Mrel over time relRate of entropy production: In Figure 5 the rate of energy dissipation is plotted for

10-6-6only slightly overlap.

A Genetic Algorithm for Evolution from an Ecological Perspective

0

1

2

0 5000 10000

Rate of Energy Dissipation

Generations

P-A run (slope=0.0001) R-S (slope=0.0000294)

FIGURE 5 Energy dissipation over time for the P-A and the R-S runs

051015 0 5000 10000

Mean Fitness

Generations

P-A run R-S run

Fitness:only 50 iterations.

10D. Sternad and S. Schaalpoints. The change in population size between at every tenth generation was recorded and also larger for the P-A-runs than for R-S-runs.

¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥

¥¥ ¥

¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥¥¥¥¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥¥ ¥ ¥ ¥ ¥ ¥ ¥ + ++ +_+ + + + + + + + + + + + + +++ + + + + + + + + + + + + + + + + ++ + +

+ ++ + + + + + + + + + + + + + + + + + + + + + + + + + 0.000010.00010.0010.010.1 1 10 100

Normalized Frequency

Size of Population Change ¥ P-A + R-S

FIGURE 7 Power law fit for the size of population change over all P-A and R-S runs6. Discussion mission

A Genetic Algorithm for Evolution from an Ecological Perspective11of M or V units show no difference, string length grows significantly more with the inten worple.

This can be in

. A quantita-tive analysis of the fluctuation pattern is in progress.

get is greater homogeneity in composition, because homogeneity ensures the ability to eat ingthe "genes", the exponent was slightly more negative than in the control condition, but the ever, the linear fit stretches over a wider range. This latter result allows the tentative con will be tested to consolidate this conclusion.

12D. Sternad and S. SchaalAcknowledgments awarded to Christopher G. Atkeson, MIT.References

1.Bak, P., Tang, C., and Wiesenfeld, K. "Self-organized criticality". Phys. Rev.38(1988): 364-374.2.Bertalanffy, L. von. General Systems Theory. New York: Braziller, 1968.3.Bertalanffy, L. von. Problems of Life. London:Watts, 1952.4.Gibson, J. J. From Aristotle to Darwin and back again. (J. Lyon trans) NotreDame, IN: University of Notre Dame Press, 1984.5.Gibson, J. J. The ecological approach to visual perception. Boston: HoughtonMifflin, 1979.6.Iberall, A., and H. Soodak. "A physics for complex systems." In Self organizingsystems. The emergence of order, edited by F. E. Yates. New York Plenum, 1987.7.Kugler, P., J. A. S. Kelso, & M. T. Turvey. On the control and co-ordination ofnaturally developing systems. In Kelso, J. A. S. & Clark, J. E. The Developmentof Movement Control and Co-ordination. Wiley, 1982.8.Langton, C. "Life at the edge of chaos". In Artificial Life, SFI Studies in theSciences of Complexity, vol X, edited by C. G. Langton, C. Taylor, J. D Farmer &S. Rasmussen, Redwood City, CA:Addison-Wesley, 1991.9.Shaw, R. E., and M. T. Turvey. "Coalitions as models for ecosystems: A realisticperspec

Kubovu, and J. R. Pomerantz, (pp. 343-408). Hillsdale, NJ: Lawrence ErlbaumAssociates, 1981.10.Swenson, R. "Emergent attractors and the law of maximum entropy production:Foundations of a theory of general evolution". Systems Research, 6 (1989), 187

197.11.Swenson, R., M. T. Turvey. "Thermodynamic reasons for perception-action cy-cles". Ecological Psychology, 3 (1991), 317-348.12.Turvey, M. T., Shaw, R., Reed, E., Mace, W. Ecological laws of perceiving andacting: In reply to Fodor & Pylyshyn. Cognition, 9 (1981), 245-251.