Autonomous Acquisition of Fuzzy Rules for Mobile RobotControl:

First Results fromtwo Evolutionary Computation Approaches

A. G. Pipe B. Carse

Intelligent AutonomousSystemsengineeringLaboratory, FacultyofEngineering,

UniversityoftheWest ofEngland, FrenchayCampus,

Coldharbour Lane, Bristol BS161QY, UnitedKingdom

Email: Anthony.Pipe@uwe.ac.uk

WebSite: http://www.ias.uwe.ac.uk

Phone: (+44)1173442818, FAX: (+44)1179763873

Abstract

We describe two architectures that autonomousl y acquire fuzzycontrol rules to provide reactive behavioural competencies in a simulated mobile robotics application. Onearchitecture is a

^Pittsburgh~-style FuzzyClassifier System

(Pitt1). Theother architectureis a ^Michigan~- st yle FuzzyClassifier System (Mich1). We tested the architectures on their abilityto acquire an ^investigative~ obstacle avoidance competency. We found that Mich1 implemented a more local incremental search than the other architecture. In simpler environments Mich1 was typicall yable to find adequate solutions with significantlyfewer fitness evaluations. Since fitness evaluation can be ver ytime consuming in this application, it could be a strong positive factor. However, when therule set must implement a competencyin more complex environments, the situation is somewhat different. Thesuperior abilityof Pitt1 to retain a number of schema in thepopulation during the process of optimisation, is then a crucial strength.

1 BACKGROUND

EvolutionaryComputation and Reinforcement Learning are both powerful techniquesthat can beutilised in creating entitiescapableofautonomousl yacquiring useful rules about a chosen problem domain. Well established approachesincludethosethat use;

a) evolutionarytechniquesoperating at thelevel of wholerulesets(Carse, Fogarty&Munro, 1996;

Smith 1980), b) evolutionarytechniquesthat operateat thelevel of individual rulesin a set (Booker, Goldberg &

Holland, 1989), c) other l̂ifetime~ reinforcement learning approaches operating within a singleruleset (Pipe, Fogarty&

Winfield, 1994A, 1994B, 1996; Pipe&Carse,

1994; Pipe&Winfield, 1996; Sullivan &Pipe,

1996; Sutton, 1984).

Although each ofthethree categorieslisted aboveareat a quitematurestagewithin their own fields, theauthors believethat a comparativeinvestigation intothe characteristicsand performanceofthesetechniquesin some appropriateshared problem domain could bea very enlightening and fruitful area for research. We choseto conduct such a programmeofwork in thearea ofmobile robotics. Thisapplication area hascharacteristicsthat are complex but easyto visualise, it iswidelyknown, it isa domain with which theauthorshaveconsiderable experience, and theresultsoftheresearch could havesome futureusein thereal world. Wehave chosen fuzzylogicto implement local-cued behavioural control ofa wheeled robot, thetask thereforeistodiscover good fuzzyrulesfor implementing a particular competencyin an artificial creature, or animat(Wilson, 1987). Wehavealready conducted a considerableamount ofwork in thearea of l̂ifetime~ reinforcement learning applied totheapplication domain covered bythispaper, i.e. categoryc) above.

However, beforeconducting a thorough comparison we needed toadapt existing algorithmsfrom categoriesa) and b) toour application domain. Thispaper thereforefocuses on thestructureof, and first testson, an architecturedrawn from each oftheseother twocategories. In order tofacilitate thefuturecomparativestudiesbetween all three architectures, a common testing harnesshasbeen developed aspart ofthenewwork presented here; it includesthe environmental and robot simulations, aswell asthefuzzy logicsystem that controlstherobot. In order toallowthe experimentstoberatified, and perhapsextended, byothers

˘ all ofthistest harnesssoftwareisavailablebyemail or by visiting our website, both addressesaregiven at thehead of thispaper.

Before going further it is worthwhile briefl yreviewing our existing ^lifetime~ reinforcement learning architecture, that lies in categoryc), to help set thescene for this paper. When used for the purpose of extracting local-cued fuzzyrules, it isa two-stage process. The first stage isgoal-oriented. An Adaptive Heuristic Critic

(AHC) architecture buildsa ^potential field~ spatial cognitive map of an environment . It investigates the environment in a step-wise fashion byusing an Evolution strategy( Rechenberg, 1973) to optimise the next move from the current position, until some goal location is reached. As it interacts with the environment it stores knowledge gained about ^good~ and ^bad~ places in a

Radial Basis Function neural network. This neural network encodes the ^potential field~ map. From this map a number of useful trajectories through the environment can be autonomouslycreated. This ends the first stage.

During traversalsof these trajectories sensorimotor data can be stored. Afuzzyclustering approach is then used to form local-cued rules from this data, and thusa behavioural module is created that encapsulates some competency (Pipe, Fogarty&Winfield, 1996; Pipe&

Winfield, 1996) . A number of competencies have been extracted in thiswa y, including the obstacle avoidance competencythat is the subject of thispaper. This architecture isat a quite maturestage of devel opment, it is currentlybeing transferred toreal-world domains.

However, it isclear that this isa quite complex multipurpose architecture. Amongst our other aims, we wished to investigate methods for extracting fuzzyrules from environmental experiences in a more direct fashion. The focusofthispaper thereforeison describing twonew architecturesthat acquirefuzzyrulesasa singlestage process, and thefirst resultsofapplying them in this common domain. Tuning oftheevolutionaryoperatorsand other parametersfor thesetwoarchitecturesmust bethe next step, followed byextensivecomparativeperformance testing ofall threearchitectures; but thisisfuturework.

2 THE APPLICATION

It isclear from studiesin thenatural domain that many creaturesmakeuseofconsciousand sub-conscious cognitiveprocessing for reasoning about thefutureoutcome ofplanned actionsin the environment. Our work on cognitivemap-building architectures, that work at thislevel, hasbeen published elsewhere. However, such levelsof information processing arenot thefocusofthispaper. The vast majorityof real (and artificial) creaturesmust also

makeextensiveuseofunconsciousfast reactivebehaviour, especiallyin thefaceofa volatile environment; in fact these abilitiesareoften crucial for survival in a largerangeof circumstances. In mobilerobotics, thislevel ofcontrol has been oneofthefocusesofattention in theAdaptive

Behaviour research communityfor sometime, and in particular Behaviour-Based robotics(Brooks, 1986). It seems clear from recent studies that whilst some reactive behaviours mayrequire ^internal state, or weak internal representations (Clark & Grush, 1999; Clark & Wheeler,

1998), manyothersarepurelyStimulus-Response (S-R) and are used to good effect in both natural and artificial systems.

Thispaper beginstheplanned comparativework bymaking initial investigationsintotheabilitiesofthetwo new architecturestoextract a useful S-Rbehavioural module from environmental experiences. Such a modulemust encapsulatean environmentallyreactivecompetency.

Examplesareobstacleavoidance, takingrightor left turnsat a corridor T-junction, and so on. Wehave chosen an învestigative~ obstacleavoidancecompetencyfor these first experiments. Because the behaviours are to be S-R at this stage of the work, anylinkages between rules are made via theenvironment itself; there isno need to build internallylinked behavioural sequences, and therefore the optimisation and/or learning tasksaresimplified. Wehave usedrobot andenvironmental simulationsextensivel yin our other previousresearch, the current newtest harnessdesign hasbuilt on these experiences, and isbased heavilyin real robot experimentation carried out in our laboratory. Details oftheharnessaregiven brieflybelow. However, as mentioned earlier, theC sourcecodeisfreelyavailableon request tothe email addressor directl yfrom our laboratory´swebsite.

Figure 1: sensorimotor apparatus of thesimulated robot

2.1 THE SIMULATEDROBOT

Thefollowing isa general description of thesimulated twin-wheeled differential driverobot and itssensorimotor apparatus, illustrated in figure1. Thereal robotsin our laboratorypossesstwo geared d.c. motorswith an incremental shaft encoder on each. Theyareused in a lowlevel feedback loop to provideposition and velocity control. Thesecontrollersarecoupled through a kinematic algorithm togive a body-centred ^virtual steering wheel~.

Thesimulated environment thereforeassumesthat such a low-level control system ispresent, allowing control tobe effected byan equivalent steering angleand forward velocity. In thiswork therobot travelsthrough its environment with a constant forward speed of0.1m/sand a maximum continuouslyvariableturning speed of 0.5 rad/s.

Therobot hasan arrayoffive distancesensors. The simulation supportsa simplepoint-to-point measurement, to which noiseand biaserrorsmaybe added ifrequired, these arebased upon ultrasonicsensorsused on our real robots. Theset of distancemeasuring sensorsform a five element array, set at the following angles from the

^straight ahead~ position; 0 o , 90 o tothe left, 45 o tothe left,

45 o to the right, and 90 o to the right, each with a 5 metre maximum sensing range and intended for obtaining a local-cued environmental ^signature~. Afuller description of thekinematicdetailsused togeneratethesimulation of movement and ofthetype of distancesensorsarealso availablevia email addressor at our website.

2.2 THE SIMULATEDENVIRONMENT

The environmental mazes are set on rectangles of any size, although for the experiments reported in this paper theyaresquare, being either 4metres or 10metres on each side. Anynumber of rectangular obstacles, of any dimension, maybe placed in a maze. If there are start and goal positions, theymayalso be placed anywhere. It should be stressed that choosing rectangular shapes for the obstacles and themaze was purelyan expedient in generating the maze simulation. The animat itself hasno such restrictionsin its sensoryor motor parts. All measurements made and movements executed bythe robot are continuous real valued, so for this simulation there is no concept of a ^grid~ or discretised state space.

When operated in normal mode, simulated animats sense and act in real time; for example velocities and sensory sampling intervals, established from observing actual vehicles in the laboratory, are tied to a real time clock with a period of 100ms. Thesimulation mayalsobe operated in ^super~ real time. Under these circumstances

100msofsimulated timeequatestoapproximately10msof real timeon our 300MHz Pentium II PC, but thespeed-up factor isthen computer dependent. All other characteristics are, however, unaffected. Thisfeatureisuseful sincethis simulation generatesfitnessevaluationsfor thetwo architecturestested and, likemanyevolutionary computation applications, it isfitnessevaluation that isthe primarytimeconsumingfactor.

2.3 IMPLEMENTING LOCAL-CUEDS-R

BEHAVIOURS USING FUZZY LOGIC

In thework presented in this paper, the fuzzymembership functionsare fixed beforehand for both theinput and output spaces, rule acquisition is limited to the creation and deletion of rules. When activeastherobot’scontroller theFuzzyLogicSystem (FLS) isrun through oneforward passevery100ms simulation clock cycle, providing an updated steering anglefor that period. Thefuzzycontroller hasfiveinputs, onefrom each ofthedistancesensorsand a singleoutput defining steering angle. If fuzzyrulestrength fallsbelowa minimum threshold, then motion continueson a ŝtraight-ahead~ setting, sothat minimallyactiverulesare not abletoinfluencethesteeringcontrol.

Figure 2: fuzzymembership function distributions

TheFLSisa ^Mamdani~-stylesystem (Mamdani &

Assilian, 1975). Aconventional distribution ofunit-height triangular membership functionswaschosen. All functions wereidentical and equallyspaced, with the exception of each function placed at the end oftherangeofan input or output, as shown in figure2. For fuzzyANDa product of membership function activationswasused for a given rule asopposed tothesimpler MINoperator, sinceit requires little extra processing and isknown toproducesuperior interpolation properties(Harris, 1992). Defuzzification was performed byconventional centreofgravitycalculations.

Theuseof3 membership functionsat each input and 17 at theoutput wasestablishedduring previousresearch asbeing appropriatefor thistypeof fuzzycontroller in this application (Pipe, Fogarty&Winfield, 1996; Pipe&

Winfield, 1996) and incorporated intothistest harness. The reasonsfor choosing theseparametersaregiven in that paper.

Table 1: format for a fuzzyrule

0 45L 90L 45R 90R OUT

1.0

0.0 2.0 4.0 6.0 8.0

1.0

-1.0 -0.5 0.0 0.5 1.0 radians x p

m etre s

ac tiva tion ou tput

any input

Each fuzzyrulewasoftheform shown in table1, where;

each of the six fields isan integer specifying a fuzzy membership function to use for that input or the output in forming a rule - counting from left to right on each graph shown in figure 2 (i.e. the interval (1-3) for each input and

(1-17) for the output),

0 Membership Function (MF) number to use for front pointing distance sensor,

45L MF number to us e for distance sensor pointing

45 0 to the left of front,

90L MF number to use for distance sensor pointing

90 0 to the left of front,

45R MF number to use for distance sensor pointing

45 0 to the right of front,

90R MF number to use for distance sensor pointing

90 0 to the right of front,

OUT MF number to use for output angle field in radians x p ˘ where positive values indicate a clockwise turning angle from the current orientation

All rules must specifya membership function for each input, i.e. in these first versionsof the algorithmsno

^don´t care~ symbol is used.

Table 2: Detailsof Pitt1

Ruleset size 50

Population size

(no. rulesets)

40

Crossover operator

Singlepoint, restricted to valid split between onecompleteruleand another in aruleset. Probability= 0.9.

Mutation operator

Two-point, onein a randomlyselected input for a ruleand changing itsvalueto a randomlyselected newmembership function for that input, theother randomlyselecting anyvalid new output membership function for the sameselected rulewith equal likelihood. Probability= 0.01, evaluated separatelyfor each point.

Selection operator

^Roulette~ wheel with ^elitism~, i.e. the highest fitnesspopulation member is retained in thesubsequent generation, but with fitnessre-evaluated. Each selection identifiestwoparent rulesets usedtocreatea singleoffspring.

3 USING A ^PITTSBURGH~-STYLE

FUZZY CLASS IFIER SYSTEM

An evolutionaryalgorithmoperating at thispopulation based level, isanalogoustothewell known natural processesofevolution. In thisearlywork, a ^vanilla~ GA wasused toencodea population of fixed-sizerulesets. The

rulesetsareevaluated for fitnessbyrunning a trial ofthe animatthrough a chosen simulated environment for each ruleset in thepopulation. When all rulesetshavebeen evaluated in thisway, theGAappliesitsoperatorsto producethenext generation. Thiscarrieson until the processishalted bythedesigner, or themaximum number ofgenerationsisreached. Table2 showsthedetailsof operators, fitnessfunction, andparameter valuesused.

Table 3: Detailsof Mich1

Population size

(no. ofrulesin ruleset)

200

Number of parentrules

50

Crossover operator

Twopoint, oneat a randomlyselected boundarybetween twoinput, theother selecting oneor theother output MF identifier from thetwoselected parents with equal likelihood. Probability= 0.9.

Mutation operator

Two-point, onein a randomlyselected input for a ruleand changing itsvalueto a randomlyselected newmembership function for that input, theother randomlyselecting anyvalid new output membership function for the sameselected rulewith equal likelihood. Probability= 0.01, evaluated separatelyfor each point.

Selection operator

^Roulette~ wheel with a form of

^elitism~, i.e. all parent rulesretained in thesubsequent generation, but with fitnessre-evaluated. Each selection identifiestwoparent rulesused tocreate a singleoffspring.

4 USING A ^MICHIGAN~-STYLE

FUZZY CLASS IFIER SYSTEM

In our M̂ichigan~-styleapproach tothisproblem, an evolutionaryalgorithm actsupon somesubset ofa singleset ofrules. The elementsoftheevolutionaryalgorithm´s population arethereforerulesofa singleruleset, rather than a group ofrulesetsasin thepreviousarchitecture. Again, for thisearlywork, a simplesystem wascreated. A

^vanilla~ GAappliesitsoperatorstocreatea newsinglerule set at each generation. Agroup ofthehighest fitnessscoring rulesareused asparentsfor creating a newgeneration. An

^elitism~ operator retainsthisgroup intothat next generation, but with fitnessre-evaluated at that time. Fitness evaluation alsonowoperatesat thelevel ofindividual rules, carried out during a singlesimulation trialoftheanimat in a maze. Each rule´sfitnessisevaluated during thistrial, the

GAthen producesthenext generation, and so on. Table3 showsthedetailsfor thisimplementation.

5 EXPERIMENTS

As mentioned earlier, in all of theexperiments below, the acquisition of an obstacle avoidance competencywas the overall aim. Of course for such a competencyto be useful, investigation of the environment must be encouraged, otherwise a stationaryanimat could be deemed highlyfit for thepurpose. Therefore the fitness functions for both architectures included a measure of the maximum

^straight-line~ distance travelled bythe animat from the start location during a trial in theenvironment. In fact just this single factor was adequate to form thefitness function for Pitt1.

Figure 3: best Pitt1 member at generation 7

However, in the case of Mich1, each rule had to have its own fitness value, and therefore an additional factor related to cumulative activation of the rule was included.

Since this is computed as part of the fuzzyinference process anywa y, thisdidnot incur a significant processing overhead; the rule activitywas simplyaccumulated over the trial and then multiplied bythe same ^distance travelled~ factor used as thefitness function for the other architecture. Anyenvironmental trial was terminated under either of two conditions, if a maximum time allocation of 200 simulated seconds was reached, or there was an environmental collision before thistime.

Manyexperiments were conducted, a typical sample is described bel ow. In all of these examples good, and interesting, individualswere created before the maximum number of GA generations was reached, and particular examples like thisare used in thediscussion because they possess some feature that is noteworthy. However in approximately80% of the experimentsconducted to date on both architectures the population would converge on a good solution, if the parameterswere set to those given in tables 2 & 3. In the other 20% of cases the population

converged on a good solution, and then diverged again, with insufficient generations remaining for reconvergence.

We started experiments with a ^corridor~-style 4metre square maze, as shown in figure 3. Either of the two architectures were able to form good obstacle avoiding trajectories through this environment within 20 generations. Even here though, the superior global search of Pitt1 found adequate solutionsin fewer generations, this trend was more exaggerated in later experiments.

Figure 3 shows a robot trajector ythat beginson the left of the figure, but it is actually5 successi ve traversals overlaid on each other. Thesimulation was terminated at this point for reasons of clarity, but there is no reason to believe that it would not continue indefinitely. This rule set was discovered at generation 7, but therewas an adequatesolution in theinitial randomlyselected population for thisrun, and this was not untypical for this architecture and thismaze.

Figure 4: best Pitt1 member at generation 4

However this superior global search isnot without penalty. Each generation, Pitt1 runsa robot through the maze 50 times in order to evaluate thefitness of each rule set. Mich1, bycomparison, onlyruns a singlerobot trial per generation. If ^super~ real time simulation were to remain useful for real world applications, then this will not be a significant penaltyfor Pitt1. However, if there was a requirement for some significant number of evaluationsto be carried out on a real robot, then this could be a highlynegative aspect. In fact the ^about-turn~ repetitive nature of the trajectorythat was created in this run was a side-product of evolution, since fitness is calculated from the furthest ^straight-line~ distance travelled to, at anypoint in a trial. For both architectures, although there were normallyless than 5 rules with large turning angles as output in the best individual, typically

20 to 50 rules became active at some point in a trial.

These other rules were responsible for maintaining

stabilityduring gradual turns; their removal soon revealed

this fact.

A harder maze, shown in figure 4, was used for the

remainder of the experiments reported on in thispaper.

Thiswas a bigger, 10metre square maze; it was meant to

represent a ^warehouse~-st yle environment. There isan

area at the top-right that is quite closed-in, a pair of

parallel walls in the centre with two smaller openings, a

collection of larger objects at the bottom-left, and some

quite large open spaces. The reason that thisenvironment

was harder for these architectures to learn obstacle-

avoiding rules for, lies in thediffering characteristics of

the sections in the environment. For example, different

categories of rules are required in theclosed in areas,

compared with theopen spaces. This means that the

architectures must be more efficient in storing knowledge

in their rule sets, in order to have adequate behavioural

coverage within the same size of fuzz ylogic system as the

previous experiments. Figure 4 also shows a trajectory

generated bythe best ruleset at generation 4 of Pitt1. The

trajector ybegins at the top left. It startswith some general

avoidance behaviour in theupper-left quadrant. After two

unsuccessful attempts, it then passes through oneof the

^doorwa ys~ in the central wall section. In fact there were

some quite fit individuals in the first generation of this

run, but it took until generation 4 for avoidance

manoeuvring to emerge in the bottom-right quadrant.

Figure 5: Mich1 at generation 37

Figure 5 shows an example trajector ygenerated byMich1

at generation 37, with the same starting position. It is

clear from figures 4 and 5 that in neither case had the

rules acquired the abilityto deal with closed-in

environments. Both of them terminated before the

maximum time allocation was reached, after collision in one of the closed in areas. In fact this problem was never

surmounted despite 20 repetitions of these experiments on

each architecture. However the nature of thefitness

function did not encourage thecreation of ^cl ose

quarters~ rules under these circumstances, both of the

controllers illustrated in figures 4 and 5 were highlyfit

individuals.

However, simplychanging the start location so that it was

within the closed in section at the top-right of the maze

effected a crucial change in the learning experience. The

architectures were forced to create ^close-quarters~ rules

in order to escape into the more open sections, and

therebyearn high fitness values. This proved to be quite a

lot harder for Mich1 than Pitt1.

Figure 6: best Pitt1 member at generation 8

Figure 6 shows a trajector ygenerated bythe best

individual at onlygeneration 8 of Pitt1. In subsequent

generationsthe population converged on a slight variant

of thebest generation 8 individual. Thetrajector ystops in

the mid-left of the figure because the maximum time

allocation was reached; when this was doubled the animat

continued move around in the environment for that

increased time.

Figure 7 shows an example of Mich1 at generation 44. In

this run performance did not improve significantlyover

the next 156 generations, and thiswas typical for this

architecture when presented with this kind of problem. In

fact there were only16 rules that were active for

significant amounts of timeduring thistrial. There was a

set that caused the earlycycling behaviour close to the

start location, and a second set that were responsible for

the sharp turns. During the long straight runs no rules

were active beyond a veryminimal level, and were all

bel owthe cut-off threshold for steering control of the

robot. As mentioned earlier, theresult is^straight-ahead~

motion at thestandard speed until either one or more rules becomes active at a level greater than thethreshold, or

collision occurs.

Figure 7: Mich1 at generation 44

The values of theparameters for each algorithm were

determined experimentally. More work could be carried

out in this area, but some indicative understanding has

alreadybeen gained. The effects of changing parameter

values of Pitt1 isdescribed first. Reducing the rule set

size caused incremental reduction in convergence

performance and qualityof the best individual. Increasing

it didnot yield linear improvements in performance of the

algorithm, indicating that, for these problems, there was a

^knee~ characteristicto the curve of performance against

rule set size. Decreasing the population size down to just

10 individuals still allowed sporadicconvergence on good

performance rules sets, whilst quadrupling thisparameter

value to 200 did not seem to give significantlyimproved

performance. Theeffects of changing crossover and

mutation probabilities were concomitant with what one

would expect from a GA in most circumstances. Let us

nowconsider changing parameters in Mich1. Reducing

the number of rules used asparents for thenext

generation made convergence performance more volatile

across repeated trials, doubling thisnumber did not give

significant improvement, and tended to increase the

likelihood of premature sub-optimal convergence.

Halving the population size was detrimental to

performance in all cases, there did not seem to be enough

coverage in the initial population under these

circumstances. Doubling thisparameter did slightly

improve performance in the^initiallyclosed in

warehouse~ environment, but gave significantlyless than

linear improvement. Like theother architecture, changing

crossover and mutation probabilities yielded unsurprising

results.

6 DISCUSSION

For these architectures, and in this application, Mich1

displayed a more incremental learning tendencythan

Pitt1. Increasing the size of the single ruleset beyond that

presented here onlyreduced, rather than removing, this

tendency. Where the problem suited this methodology

however, the benefits of the reduced number of time

consuming fitness evaluations was a heavyfact or in

Mich1´sfavour. However, Pitt1´s abilityto retain the

schema required for more complex problems as the

optimisation process proceeded, gave it a distinct

advantage under more complex circumstances.

These differences were best illustrated bythe seemingly

simple change of start location in the ^warehouse~ maze.

If theanimat was started in an open space, then only

^open space obstacle avoidance~ behaviour needed to be

developed to create quite high fitness rule-bases.

However, when started in a constrained space, rules for

handling obstacle avoidance under these circumstances

had to be developed simultaneousl ywith those for open

space scenarios.

In thecase of the behaviour displayed in figure 7, one

could conclude that Mich1 had successfull ytaken

advantage of the combined features of the robot, the

environment and fitness function, to create a fit individual

with a verysmall number of useful rules. Perhaps this

would be diffi cult to argue with under appropriate

circumstance, after all if the onlyaim was to create an

animat that investigates its environment, then this fuzzy

controller achieves that approximatelyas well asthe

alternative approach illustrated in figure 6. However, it

must be said that the control effort displayed in figure 7

looks rather brittle and inelegant.

7 FURTHER WORK

Thiswork is clearlyat an earlystage and their is much

more to be done. The performance of the two

architectures displays promise, but theyare both simple

^vanilla~ algorithms. To date, theyhave onlybeen applied

to a quitesimple reactive behavioural problem, as shown

bythe small number of generationsrequired for Pitt1 to

find adequate solutions.

The next step must therefore be to bring thetwo

architectures to a more mature state. To achieve this we

must test a wide range of parameter values in a more

rigorous fashion than hasbeen conducted to date, and

alternative operators must be investigated. In this waya

firmer understanding maybe reached of howto achieve

internal optimalityand robustness of the two underlying

algorithms consideredhere.

In addition to these general points, there are some more

specifi c problems. Firstly, we must test these two new

architectures on their abilityto extract other

competencies. For manycompetencies this will require a solution to the problem of building internallylinked

behavioural sequences; i.e. a fuzzyrule-base that isable

to encapsulate internal state, or weak internal

representations , in some form when the problem requires

it. From the evolutionarycomputation perspective, it is

never simpleto devise robust evolutionaryoperators that

respect run-time created boundaries around groups of

population members. Similarly, from the reinforcement

learning perspective, Temporal Difference learning

algorithms that are capable of dealing with linked chains

of behaviour that eventuallylead to positive reward, are

also far from non-trivial in complexity. For Pitt1 this will

mean that operators will have to be brought to bear that

tend not to break-up internallylinked rule groups. This

could be achieved byconverting the architecture into a

Delayed Action Classifier System (Carse & Fogarty,

1994). For Mich1 a Temporal Difference delayed reward

algorithm will need to be introduced (Sutton, 1984).

Secondly, the form of the rules themselves is very

restrictive to building a hierarchyof rules in a rule set. For

example, therequirement for everyrule to use all five

inputsprecludes the creation of a sub-group of ^general~

rules that use some critical subset of the inputs to provide

powerful drive outputs; fuzzylogic, as a wider field, is

full of such practices. Thirdly, onlyallowing each

architecture to operate on the rules of the fuzzylogic

system could also be restrictive. Membership function

positions, and perhaps shapes, could also be part of the

process.

8 CONCLUSIONS

The objectives of the work presented in thispaper were to

introduce the main aims of the wider programme of

comparative work, describe the two newarchitectures that

will be used in thisprogramme, demonstrate them in

operation in their preliminaryform, and give some

general indicationsasto their inherent strengths and

weaknesses. In these respects we believe that the paper

has served its purpose.

References

Booker LB, GoldbergDE &HollandJH(1989)Classifier

Systemsand GeneticAlgorithms, AI 40, pp.235-282

BrooksRA(1986) ARobust Layered Control System for a

MobileRobot, IEEE J. ofRoboticsandAuto., RA-2, no. 1

CarseB& FogartyT C (1994) ADelayed-Action Classifier

System for Learning in Temporal Environments, Procs.

IEEE Int. Symp. on EvolutionaryComputation, Vol. 2 pp

670-673, Florida, USA

CarseB, FogartyT C & MunroA(1996) Evolving fuzzy

rulebased controllersusing geneticalgorithms, FuzzySets

andSystems80, pp.273-293

Clark A& Grush R (1999) Towardsa Cognitive

Robotics, Journal of Adaptive Behavior, 7 (1),

International Societ yfor Adaptive Behavior, pp.5-16

Clark A& Wheeler M(1998) Bringing Representation

Back to Life, From Animalsto Animats 5, Proceedingsof

fifth International Conference on Simulation of Adaptive

Behavior, pp.3-12

HarrisC J(1992) Comparativeaspectsofneural networks

andfuzzylogicfor real timecontrol, in Neural Networksfor

Control and Systems, IEE Control Eng. Series#46, chap. 5,

Peter Peregrinus, pp.72-93

Holland JH(1975) Adaptation in natural and artificial

systems, Universityof Michigan Press, Ann Arbor

Mamdani E H& Assilian S (1975) An experiment in

linguisticsynthesis with a fuzzylogic controller.

International Journal of Man-Machine Studies, vol. 7, no.

1, pp.1-13

PipeA G, FogartyT C &Winfield A(1994A) Hybrid

AdaptiveHeuristicCriticArchitecturesfor Learning in

Mazeswith ContinuousSearch Spaces, LectureNotesin

Computer Science#866 Parallel Problem Solving from

NatureIII, Springer-Verlag, Eds. Davidor, Schwefel,

manner, pp482-491

PipeA G, FogartyT C &Winfield A(1994B) A Hybrid

Architecturefor Learning in ContinuousEnvironmental

Modelsin MazeProblems, From Animalsto Animats3, Ed.

Cliff, Husbands, Meyer &Wilson, MIT Press, pp. 198-205

PipeA G & CarseB(1994) AComparison between two

Architecturesfor Searching &Learning in MazeProblems,

LectureNotesComp. Science#865, Springer-Verlag, Ed. T

C Fogarty, pp.238-249

PipeAG, FogartyT C&WinfieldA(1996)An Experiment

in KnowledgeAbstraction - From CognitiveMapsto

Behaviours, Procs. 2nd Int. Conf. on AdaptiveComputing

in EngineeringDesign andControl, pp.65-70

Pipe A G& Winfield A(1996) An Autonomous System

for Extracting FuzzyBehavioural Rules in Mobile

Robotics, From Animalsto Animats 4, Cape Cod, USA,

MIT Press, ISBN 0-262-63178-4, pp.233-244

Rechenberg I (1973) Evolutionsstrategie, Problemata,

Fromman-Holzboog, Stuttgart, Germany

Smith S F(1980) A learning system based on genetic

adaptive algorithms, PhDthesis, Universityof Pittsburgh

Sullivan JC W&PipeA G(1996) Efficient Evolution

Strategiesfor Exploration in MobileRobotics, Procs. AISB

workshop ofEvolutionaryComputation, LectureNotesin

Computing#1143, Springer Verlag, pp.147-161

Sutton RS(1984) PhDthesis‘Temporal Credit Assignment

in Reinforcement Learning’, Universityof Massachusetts,

Dept. ofcomputer andInformation Science

Wilson SW (1987) Classifier Systems and the Animat

Problem. Machine Learning 2 (3), pp.199-228