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AbstractThis research is an elaborationof research conducted by Luc Steels [STEELS94a].First Steels' genetic learning algorithm is implemented on a real robot and somebasic behaviours are learned. Among these are backward movement, forwardmovement and halting behaviour. Also a combination of these behaviours usingtendencies is tested. Examples of results are presented and some instabilities inthe long term behaviour are discussed.Then some more complex behaviour systems are tested. These are one di-mensional obstacle avoidance and two dimensional obstacle avoidance. Resultsof the experiments are presented. The results show that the Steels' system iscapable of learning rather complex behaviours, but that it is very dependent oninitial parameters.Also some theoretical arguments are presented to support the fact that thesystem can only learn behaviour systems in which there is a direct functional de-pendency between the actuator and the sensor. Some suggestions are presentedon how to extend the system.
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Chapter 1IntroductionAutonomous agents, or robots, that operate in a nontrivial environment needan ability to adapt themselves to that environment. Static behaviour can begood in one particular environment, but can be disastrous in another. Anenvironment can also be too complex to be modeled accurately by the designerof the behaviour. An agent with the ability to adapt itself to changes in theenvironment has the advantage. Hence the need for learning algorithms.1.1 Learning AlgorithmsLearning algorithms exist in about as many variations as there are people re-searching them. But it is quite possible to �nd some criteria that a learningalgorithm has to ful�ll if it has to be successfully applied to adapting behaviourof autonomous agents.First of all, the learning algorithm should be able to learn on-line. The agentis learning as it operates, so o�-line learning algorithms that must be trainedwithout directly using the learned material are out of the question. Next, thealgorithm should be immune to noise. The robot's sensors will not always givereliable results and an action will not always give the same response. Learningalgorithms that cannot cope with inconsistent training data are not usable.Third, the algorithm should be able to learn with a minimum of feedbackfrom the environment. The robot can only communicate with the environmentthrough its sensors and its actuators and it is usually not possible to presentthe robot with examples of what to do and with explanation of what it is doingright or wrong through these. Clearly, some kind of reinforcement learning isnecessary.A last and perhaps not so obvious criterium which such a learning systemhas to ful�ll is that it has to be provably stable in the long run. If this wouldnot be the case, it would not be safe to use it in real world applications, as one1



would never know if the system could collapse suddenly.The algorithm that was used in this research is a variation on a geneticalgorithm, (for an excellent introduction into genetic algorithms, see [GB89])but many other approaches could have been used as well, for example classi�ersystems [GB89, HOL86] or neural networks [HKP91]. But the genetic approachwas chosen because this research is a continuation of [STEELS94a]. The reasonwhy genetic algorithms were chosen in that paper will be summarized in thenext section.1.2 AutonomyThe goal of this research was to test a truly autonomous learning algorithm. Thecriteria which an autonomous learning system must ful�ll have been discussedbrie
y in the previous section. But why would we want to use autonomousagents anyway? They have been used, because it is believed that (arti�cial)intelligence is linked with mobility and autonomous operation. See for example[MOR89].But as this research is an elaboration of Luc Steels' [STEELS94a] research itis especially necessary to explain the philosophy on which he bases the learningsystem in his paper. Steels writes: \We want to stay at the sub- or presymboliclevel in which the dynamics of the world is directly coupled to an internal dy-namics without prior segmentation or categorization." This e�ectively rules outsymbolic learning methods and even classi�er systems, that also operate on thebasis of categorization and classi�cation. Furthermore he �nds it essential thatdi�erent parts of the system cooperate on an equal basis: \We want insteadto create a `level playing �eld' in which one behavioral module cannot inhibitanother one. Di�erent modules must cooperate or compete with each other inorder to achieve a coherent behavior."To achieve these objectives Steels uses a set of cooperating and competingparallel processes that are trained by a genetic algorithm. The system will bedescribed in some detail in chapter 2. Steels also wants the system to be capableof open-ended evolution and thus of generating its own learning-targets.Not many experiments have been done with really autonomous robots. A lotof robots are being used in the real world, but almost none of these has on-linelearning capabilities. In other experiments learning robots are simulated in acomputer after which perhaps the �nal solution is tried on a real robot (seefor example [CHH93]). Other experiments with learning robots were concernedwith learning of high level behaviours as opposed to the low level behavioursin this paper. For a collection of papers on learning robots, see for example[VELDE93].In this paper Steels' learning system is tested on a real robot. In chapter 2the learning system is described in some detail. In chapter 3 the results of theexperiments are presented. Experiments with open-ended evolution have not2



yet been performed. In the second part of this paper a theoretical discussion ispresented about the limitations of the system and some suggestions are madeon how to extend the repertoire of possible behaviours.
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Chapter 2MethodologyThe behaviours of the robots in this paper have been implemented using avariation on the Process Description Language, or PDL, of the Arti�cial In-telligence Laboratory of the Free University of Brussels [STEELS94a]. Thevariation consisted of using a genetic algorithm to generate a population of verysimple processes. This genetic algorithm was then used to �nd the most optimalcombination of processes.2.1 PDLThe basic objects of PDL are quantities and processes. Quantities represent theinternal states of the robot and its connections to the outside world in the formof real numbers (originally they are integer numbers, but in this research realnumbers were chosen by reason of analytical simplicity). If a quantity representsthe value of a sensor, it is called an input quantity, and it can be used by therobot to obtain information about the outside world. If a quantity is connectedto an actuator of the robot, it is called an output quantity and it can be used toperform actions on the outside world.Processes are small pieces of terminating C or C++ code that do not havelocal variables. They can only work with data through quantities by eitherinspecting their value or by proposing to add a value (possibly a negative value)to the quantity. Processes need to terminate, because the PDL cycle is basedon processes that complete their execution.All the processes are ran in a parallel fashion. When all processes are �n-ished, their proposed additions to a quantity are summed up and added to theformer value of the quantity. Then the output-quantities are written to theactuators and the values of the sensors are written into the input-quantities andthe processes are cycled again.PDL has many more features, among which is an easy portability among5



Cycling of Processes

Activating of Actuators

Reading of Sensors Updating of QuantitiesFigure 2.1: The PDL-cycle.platforms. In this paper no in depth description of the syntax, features andphilosophy of PDL will be undertaken. The interested reader is referred to [?].2.2 The Processes used in this PaperAlthough PDL-processes can be made arbitrarily complex, it is an essentialpart of the PDL-philosophy to keep processes as simple as possible and to letcomplexity emerge from their interactions. For that reason and for reasons ofeasy implementation of the genetic algorithm, the processes in this research havebeen kept extremely simple. Essentially they have the following form:clp = �(
p � qkp) (2.1)In which clp is the change of quantity l proposed by process p, qkp is the valueof the quantity k that process p monitors and 
p is the desired value (or thegauge value) of the monitored quantity. There also is a constant � with whichthe di�erence is scaled.This process e�ectively tries to keep quantity kp on the value 
p by in
u-encing quantity lp. Whether process p is e�ective or not has to be determinedby the genetic algorithm.The total change of any quantity qi can now be determined by the followingsummation: �qi = Xp2fpjp2P\(lp=i) clpg (2.2)Where P is the set of all processes. The new value of a quantity is determined byadding the change to the old value. Of course the situation is di�erent for inputquantities. These have values that are determined by the sensors. Processescan legally propose changes to input quantities, but these will have no e�ect.2.3 The Learning SystemWhen the robot �rst starts, a behaviour system is generated at random. Thismeans that processes of the form of equation 2.1 are generated at random. Thelp is taken from the range [0; N �1] where N is the number of output quantities6



and kp is taken from the range [0 : : : M � 1] where M is the number of inputquantities in the system. The gauge value is taken from the set f��; 0;�g where� is an arbitrary, but conveniently chosen number. For a system with N inputquantities and M output quantities there are 3N �M di�erent procestypes.In our system the processes are stored per processtype. For every di�erentprocess that appears in the random initialization of the processes, a processtypeis created in the robot and the number of instances of this processtype is set to 1.If this processtype happens to be created again, then the number of instancesis increased by one. In the remainder of this paper we will sometimes use pand the word `process' to refer to a certain processtype, instead of to a singleprocess. The number of instances is then written as np and P will be the set ofprocesstypes.The PDL-system will now be cycled for a certain number of cycles, which wewill callW or the window size. After this the processes are evaluated accordingto how well they correlate with the satisfaction of the system. This satisfactionis a real number that indicates how well the robot is performing its task. Thebetter the task is performed, the higher the satisfaction. In the experimentsthe way the satisfaction is calculated is programmed by hand, but in futureexperiments the robot must determine its own satisfaction.Processes are said to correlate well with the satisfaction if the average oftheir proposed changes (clp) is in the same direction of the average change ofthe quantity they want to change (qlp) if the satisfaction has increased, or iftheir proposed changes were in the opposite direction of the total change whenthe satisfaction has decreased. The size of the proposed changes relative to thetotal proposed change in the same direction is also taken into account whendetermining the strength of the correlation.To determine this correlation, we �rst need to know the contribution bp;t ofa process p at time t. This is calculated as follows:bp;t = ( sgn(�qlp) clp�+qlp if clp � 0;sgn(�qlp) clp��qlp if clp < 0. (2.3)Where �+qlp is the summation over all the positive contributions to quantityql and ��qlp is the summation over all negative contributions. All these valuesare taken at time t, but to simplify the notation, we have left out all the su�xest. The bp are sampled at every cycle of the system. But not every cycle a geneticstep is performed. This is done only every W steps. After these cycles, thenumbers of the di�erent processtypes are updated with the following formula:np;t+W = np;t + $�t+W �PW�1i=0 bp;t+iW np;t% (2.4)Where � is a constant that determines the speed of growth of processes and�t+W is �1 if the satisfaction has decreased between time t and t+W and 1 if7



the satisfaction has increased. If the satisfaction has stayed equal, then �t+W isset to a random number in the range h�1; 1i2.4 Maintenance of DiversitySome rudimentary precautionswere taken to preserve diversity in the populationso that the system will not end up in a local maximum. One of the measureswas the setting of � to a random value if no change in satisfaction happened.Another measure was to insert a random new process (not a processtype!) ifthe satisfaction stayed constant or the number of processtypes got less than acertain limit.The details of the experiments will be discussed in chapter 3 with the results.A remark that can be made is that the measures to maintain diversity seem a bitad hoc. They are copied from the work by Steels [STEELS94b], but it appearsthat some improvements are in order. Actually the whole genetic algorithmseems to be liable to improvement. But this will be discussed in chapter 8.The reader must be aware that between di�erent experiments minor mod-i�cations were sometimes made to the software. These modi�cations will bedescribed and explained in chapter 3 about the experiments.
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Chapter 3First Practical ResultsThe genetic system was implemented on a real robot. This robot, called `Lola'is based on a standard B12 mobile robot base from Real World Interface Inc. Itis enhanced with all kinds of sensors (touch, infra-red, light, speed and distance)and can ride around by using a battery-powered electric motor. It also has aPC-compatible computer on board, on which the control-software can be run.The robot is thus capable of completely autonomous behaviour.3.1 The First ExperimentsThe �rst experiments that were performed are meant to duplicate the resultsthat were obtained through simulation in [STEELS94b]. The experiments in thispaper involved forward movement, backward movement and halting behaviour.These very simple behaviours cause the robot to move forward, backward andto stop, respectively.The robot has disposal of one sensor and one actuator. The sensor returnsthe distance the robot has covered in the previous cycle. As the average cycletime is �xed this is a measure of the robot's speed. The actuator sets the velocityof the robot. However the sensor measures the velocity independently from thesetting of the actuator. The robot now has to learn the connection betweenthese two quantities.The results are presented in �gures 3.1 and 3.2 for forward and backwardmovement.The behaviours take place convincingly.The results for halting behaviour are presented in �gure 3.3. To test if thehalting behaviour was real, an arti�cial disturbance was introduced by accel-erating the robot through a touch-sensor re
ex. These simple re
exes weremaintained in the robot to prevent it from damaging itself by trying to ridethrough a wall. The disturbances caused the peaks in the graph at cycles 800and 900. If it had come to a halt because there were no processes left to drive9
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Figure 3.1: Forward movement.description valueNumber of processes at start 50Value of � (see equation 2.1) 0.01Values of 
p (see equation 2.1) -25, 0, 25Speed to be learnt -25, 0, 25Value of � ( see equation 2.4) 10Table 3.1: Parameters of the learning system.it, then it would not have come to a halt again after the disturbance. But it didreduce its speed to zero, so the halting behaviour was real.One must keep in mind that these results are only examples. The graphs aremade from single runs of the robot that showed the correct behaviour. Di�erentruns give di�erent graphs, which look similar, but are by no means the same.In table 3.1 the parameters of the system are given.The periodicity shown in the graphs for forward and backward movementis an artifact. This was caused by the fact that the results were periodicallywritten to the 
oppy disk drive of the robot. This caused a periodic lengtheningof the process cycle and thus an apparent increase of the robot's speed (becauseit covered more distance). In later experiments this e�ect was removed by usinga RAM-disk instead of a 
oppy disk. 10
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Figure 3.2: Backward movement.3.2 Changing TendenciesThe previous experiments were undertaken with a �xed goalvalue for the quan-tities. But what we �nally want is a robot that can operate independentlyusing open-ended evolution. It then has to be able to choose its own behavioursystems. This can be implemented by using tendencies. A tendency is associ-ated with a certain behaviour system. If the robot has a certain tendency, theaccompanying behaviour system is active. The tendency is actually associatedwith a (control-) goal, which is expressed as a value that has to be achieved bya speci�ed quantity.The tendencies can now be turned on and o�. In the beginning a randomtendency was turned on. If it became active, the processes belonging to thattendency were allowed to in
uence the quantities. All other processes were heldinactive. The processes belonging to the active quantity were also the only onesthat were used in the genetic search. If the goalvalue had been attained, or ifthe system had ran too long without reaching the goalvalue, another tendencywas generated randomly.This approach has the result that behaviour systems are trained one afteranother. In the beginning behaviour systems will react slowly to a changingtendency, but later in the run when the behaviour systems have been trainedsu�ciently they will react much quicker. This is shown in the �rst part of �gure3.4.In the second part of the graph, an undesirable e�ect is seen to happen.Here the behaviour systems still seem to be active, but their goalvalues are notreached anymore. An explanation can be found in the numbers of the di�erentprocesstypes, shown for forward movement in �gure 3.5.11
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Figure 3.3: Halting behaviour.In the beginning the process \solving" the problem (50�q0) grows and holdsthe absolute majority and all other processes have zero instances. But then,around generation number 140, processes that damage the solution appear andgrow in number. We are now confronted with the strange e�ect that processesthat were �rst exterminated by the genetic algorithm, because they were foundto be inferior, are now favoured although they still are detrimental to the system.Apparently some processes get assigned a �tness to which they have no right.How this can happen is still very unclear. In chapter 4 some possible causes arediscussed. Also some situations are presented in which it can be proven thatthe system will assign the correct �tness. Further drawbacks of the system arediscussed in chapter 6.
12
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Figure 3.4: Value of the wheelcounter.
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Figure 3.5: Numbers of processes for forward movement.13
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Chapter 4Some Remarks about theFirst ResultsThe results of the �rst experiments with the genetic learning PDL system imple-mented on a robot showed great promise. The system most de�nitely learns andit learns very quickly , independently and on-line, which are all prerequisites fora learning system on an autonomous robot. Some caution is in order, though.Long term behaviour of the system does not seem to be particularly stable,the system is very dependent on its initial parameters and the system has onlybeen used in a very simple setting with only one sensor and one actuator. Wewill now discuss the system and its problems in some more detail. The systemdiscussed will, unless speci�ed otherwise, be a system with two quantities, onesensor and one actuator that react to each other and that have a more or lesslinear relation. Systems with multiple sensors and actuators are more di�cultto analyze. These kinds of systems will be discussed in chapter 6.4.1 Initial BehaviourAn unpleasant behaviour of the system that was observed was the impossibilityto learn if the number of processes at the start was chosen too high. The systemthen remained in an oscillatory state with the quantities' values very near zero.The oscillations were observed when the parameters of the system were as intable 3.1 and the number of processes (per behaviour system) was increased to100 or more.A possible explanation of this e�ect is that if the number of processes getstoo high, their in
uences tend to average each other out. The relative di�erencesbetween the numbers of instances of the di�erent processtypes gets smaller whenthe number of processes increases. If the relative in
uence per processtype getstoo small, then the number of instances of this process will never change, so15



there will never be any evolution.If this is the right explanation or not has not been investigated. The problemwas solved very e�ectively by limiting the number of processes per behavioursystem to about 50 divided among six di�erent processtypes at initialization.Another possible solution (if more processes are needed) could be to use realnumbers for the number of instances and thus e�ectively allowing non integernumbers of instances or to use extra noise in the beginning in order to \shake"the system out of local maxima.4.2 Limit on the Number of ProcessesThere is an important reason to limit the number of processes in a behavioursystem. If the number of instances of a certain processtype exceeds a certainlimit, the changes these processes propose to a quantity will cause it to get avalue that is further away from the gauge value than it was before the \correc-tion". The result will be an exponentially growing oscillation around the gaugevalue.This can only happen if the correction proposed by all processes togetheris more than two times the deviation that was to be corrected. If we have aprocesstype of the form: q1  �(x� q0)in which means that the value at the right of the arrow is added to the valueof the term to the left of it. The q1 is the output quantity, the q0 is the inputquantity, x is the gauge value and � is the sacling factor. If we also have arelation between the two quantities of the form:q1 = y � q0then the maximum number of processes can be found by solving the inequality:����M� (x� (x+ �))y ���� < j�jwhich solves to: M < 2 y� (4.1)In the system tested in this paper (y = 20; � = 0:01) this would result ina maximum number of 4000 instances of processtypes monitoring q0 and 200instances of processtypes monitoring q1. These are upper limits that have to beobserved in any case; if these are exceeded the system will always break down.4.3 InstabilitiesThe system showed an instability in the long run (see chapter 3). The value ofthe goalquantity reached by the system got closer and closer to zero, because the16



number of instances of wrong processes, which we will call parasitic processesgrew. An exact mathematical explanation of this phenomenon has not beenfound yet, but some observations can be made.The �rst observation is that, if the quantities change in only one direction,the system will increase the number of good processes and decrease the numberof bad processes. This can be supported by the following argument.Suppose the goalquantity changes in such a direction that the satisfactionincreases. Suppose furthermore that the quantity does not cross one of thegauge values of the processes. This is a reasonable assumption, because thebreakdown of the system takes place far away from the gauge values of theprocesses, anyway. As the changes are in only one direction, all the �q will havethe same sign. For all processes the bp;t (see equation 2.3) will also have thesame sign (as no gauge values are crossed). Then obviously for all processes thesummation of the bp;t will have the same sign as the bp;t themselves. Processesthat have proposed changes in the same direction of the quantity will have apositive sign, the others will have a negative sign. The value of � (see equation2.4) will be positive, as the satisfaction has increased. The number of instancesof processes working in the direction of the satisfactionwill increase, of processesthat work in the opposite direction will decrease.If the quantities have changed in a direction decreasing the satisfaction, thenthe argument goes analogously, but with inverted sign for �. The observationcan probably even be extended for unbiased systems whose quantities changein both directions in one genetic window.The second observation that can be made is that for reasonable numbers ofprocesses (that is less than y=�, see equation 4.1) the changes of the quantitiesin a completely linear system will be in only one direction. A completely linearsystem is a system, in which all the quantities react to each other without delayand in a completely linear way. In such a system, the change proposed by theprocesses will always be less than the distance of the value of the goalquantityto the average gauge value of the processes. This distance will become smallerand smaller by the action of the processes, but it will never become zero and itwill also never change sign.The conclusion that can be drawn from these two observations is that thebreakdown of the system is caused by non-linearities in the outside world towhich the system is not prepared. This looks like a huge problem for a real-world learning system, but fortunately, the breakdown can be prevented bylimiting the number of instances of processes allowed. Also a mechanism shouldbe added that removes processes that are not useful. This can simply be done bymultiplying the number of instances of each processtype by a value �; 0 � � < 1.So although the long-term breakdown of the learning system can be pre-vented by applying a few simple measures, the exact mechanics of the how andwhy are not understood. Why the system starts to break down when a certainnumber of processes is reached nor what the connection is between the initialinability to learn and the long-term breakdown. These gaps in our understand-17



ing of the behaviour of the system severely limits the applicability of it. If wecannot state the condition under which the system will remain to function, it isnot safe to use it in real-world applications.On the other hand, we have now got some measures under which a systemexhibits a reasonable long term stability. We can now do some more complexexperiments with the assurance that the system will not suddenly break down.

18



Chapter 5Further Experiments withthe RobotThe experiments with the basic behaviours and with the tendencies were onlya starting point for the experiments with this learning system. The behavioursthat were learnt by the robot in these experiments were very simple indeed.In this chapter some experiments are described in which the robot is taughtmore complex behaviours. The �rst of these is something which could be called\obstacle avoidance". In fact it is a one dimensional reaction to a touch sensor.The important thing of this experiment is, that the robot needs to learn adiscontinuous behaviour, something which at �rst sight might seem impossible.For real obstacle avoidance, the robot has to be able to turn away from anobstacle, as well as to back away from it. This behaviour is found to be toocomplex for a single behaviour system, but an experiment is conducted to checkif a robot can learn to drive straight, when using both a translation and rotationactuator. This will also be useful for phototaxis behaviour.The last experiment is indeed concerned with phototaxis. In this experimenta robot has to orient itself towards a light source by using its rotation actuator.The robot will not be able to learn this.5.1 One Dimensional Obstacle AvoidanceIn this experiment the repertoire of sensors of the robot was extended with atouch sensor. When touched, this sensor returned a value that was a functionof the time it was pressed and the pressure with which it was pressed. In factthe behaviour of the touch sensor is a bit more complex. A typical touch sensoractivation is illustrated in �gure 5.1The behaviour is caused by the fact that the physical touch sensors of therobot Lola are 1-bit sensors. They are not sensitive to pressure. Therefore the19
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Figure 5.1: Typical touch sensor behaviour.translation velocity that is set (but possibly not realized) is added to the valueof the touch sensors. Then for every timestep that it is activated a counteris increased, to simulate the fact that the longer the touch sensor remains de-pressed, the worse. Lastly, the maximum value of the touch sensor is limited to(an arbitrary) 255.Now when a touch sensor gets depressed, it quickly jumps to 255, as the speedadded is usually higher than 255. The counter now begins to increase. Whenthe robot �nally goes backwards, the speed decreases rapidly and eventuallybecomes negative, hence the drop below zero of the touch sensor. When thetouch sensor is released, the value jumps to a positive value again, as the counterwas not yet zeroed. The value of the counter then goes to zero in a linear way.This might not be the ideal behaviour of a touch sensor, but in the author'sopinion it is a reasonable realistic way of behaviour. The value is dependent oftime and (indirectly) pressure, and a little oscillation at the release is also notunrealistic.The robot was quite capable of learning how to back up from obstacles. Inthe experiment it was equipped with a forward movement tendency, so it wouldbump into an obstacle several times. It did not remember that there was anobstacle. Once it had backed up a little, its \urge" to move forward becametoo strong so that it would ride into the obstacle again. This was hoped to besolved in the next section in the two dimensional obstacle avoidance.The results of a sample run of the learning system are shown in �gure 5.2.In this �gure the values of the three quantities of the robot are shown. Theseare the touch sensor, the wheelcounter and the translation velocity. Only thelast is an actuator, the �rst two are sensors. It can be seen that when the robotruns into an obstacle, it pushes against the obstacle for awhile and then goes20
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Figure 5.2: One dimensional obstacle avoidance.backwards to get free from it. This is repeated several times, with a less andless strong reaction. The most important processes that are involved in this areshown in �gure 5.3.In this �gure the explanation for the discontinuous behaviour of the robot canbe found. An unchanging system of PDL-processes would have great di�cultiesimplementing the obstacle avoidance without being dependent on the values thesensors return. The backward movement processes of the touch sensors wouldhave to compete with the forward movement processes of the tendency. Thenumber of processes needed for the backward movement would have to dependon the number of forward movement processes, the value of the touch sensorand the gauge values of the processes. But this is not the case in our system.Every time the robot bumps into an obstacle, it \learns" how to avoid theobstacle by increasing the number of backward movement processes and de-creasing the number of forward movement processes. When it has cleared theobstacle and the touch sensor has become silent again, it \forgets" the backwardmovement and starts to move forward again.Unfortunately, every time the robot bumps into an obstacle, the numberof noise processes is also increased. This could be the cause of the weakeningreaction of the robot to the touch sensor. But that could also be caused by itsever decreasing forward speed, because it gets less and less time to recover fromits contacts with the obstacle.The parameters of the system in this experiment are shown in table 5.1. Thesatisfaction function was the sum of the absolute value of the goalvalue minusthe wheelcounter and the absolute value of the touch sensor.21
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Figure 5.3: One dimensional obstacle avoidance.description valueNumber of processes at start 75Value of � (see equation 2.1) 0.01Values of 
p (see equation 2.1) -70, 0, 70Speed to be learnt 70Value of � ( see equation 2.4) 10Table 5.1: Parameters of the learning system.5.2 Driving StraightThe one dimensional obstacle avoidance is not a very practical behaviour system.After the robot has \avoided" the obstacle by backing up from it, it completelyforgets that it was there and will run into it again. This shows clearly from�gure 5.2. In practical obstacle avoidance, the robot usually moves in a twodimensional environment and avoids obstacles by backing up and changing thedirection in which it moves. The robot will then move forward again, butas its direction of movement has changed a little bit, it will probably missthe obstacle. This can be considered true obstacle avoidance. Unfortunately,preliminary experiments showed that this was a bit too complex for a singlebehaviour system. Thus we concentrate on teaching a robot to learn to walkstraight in a two dimensional world.In order for Lola to be able to change direction and thus to become twodimensional, we need to add a new sensor and a new actuator. The actuator willallow her to start a rotation and the sensor will provide her with informationabout how quickly she is rotating. We also have to change the satisfaction22



function a little bit. We want the robot to move in straight lines, so we lowerthe satisfaction if it is rotating.That the addition of an extra sensor and an extra actuator is not withoutpenalty is shown in �gure 5.4. In this �gure the system is shown while learningto move forward in a straight line. In contrast with the very fast learning ofthe system that had only one sensor and one actuator, the system with multiplesensors learns much slower.
-200

-150

-100

-50

0

50

100

0 200 400 600 800 1000

V
al

ue
 o

f s
en

so
r

Cycle

Wheelcounter
Touchsensor

Rotation

Figure 5.4: Slow learning with multiple sensors.This can be explained by two facts. The �rst is that the possible relationsbetween the sensors and actuators are much more complex. The second is thatthe number of di�erent processtypes is much higher, while there are still onlya few that give correct behaviour in the given situation. The extra processescause a lot of \noise". There is also a greater risk of reducing the number ofinstances of one of the correct processtypes to zero.These factors slow down the learning process, but as can be seen from the�gure, does not prevent the robot from learning how to ride in a straight line.5.3 Phototaxis FailureThe last experiment that was conducted appears to be extremely simple. Therobot has to orient itself towards a light source using two light sensors and arotation actuator. The outputs of the two light sensors are preprocessed into oneinput quantity representing the di�erence between the two sensors and in oneinput quantity representing the average of the two sensors. This is a somewhatmore useful form for the simple PDL processes.23



Unfortunately, the learning task only appears to be simple. In reality therobot is not able to direct itself towards the light source in any stable way. Itdoes seem to react on its sensors, turning in the right way when one of thesensors gets more light than the other, but contrary to what was hoped andexpected, the robot is not able to reach a stable, unchanging position directedtowards the light source.So although the problem seems at �rst sight to be similar to forward orbackward movement, in that it has to stabilize the value of an input quantityusing output quantities, it is in fact quite di�erent. In the movement experi-ments, there was a rather direct functional relation between the sensor and theactuator. In the phototaxis experiment on the other hand, there is no suchfunctional relation. There is only a functional relation between the integral overthe actuator and the value of the sensor. In such a situation, the PDL-learningsystem is usually not able to learn or to perform. This will be discussed in moredetail in chapter 6.
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Chapter 6Limitations to the PDLProcessesThe processes used in the genetic learning PDL system are very simple indeed.It is therefore to be expected that they cannot solve all problems. In this chaptersome theoretic arguments are presented as to the limitations of the learnablefunctions and some suggestions are made to improve the range of learnablefunctions.6.1 Functional Dependency between Actuatorand SensorIn order to be able to understand the behaviour of PDL-functions, we have toget an idea of how the connection between the di�erent quantities in the systemis. For this we assume that there is a function f converting an activator into asensor value. q0 = f(q1) (6.1)in which q1 is the actuator- and q0 is the sensor quantity. This function willnot have to be completely invertible, although we will assume that it is locallyinvertible in a later proof. It is also possible that there is no functional relationbetween the actuator and the sensor. This will also be discussed later.We can now give a formula that links the value of quantity q1 at a certaintimestep with its value at the next timestep. This formula can be derived usingequation 2.1 and combining it with equation 6.1. for convenience we will assumethat 
p is zero. The resulting formula will then be:q1;t+1 = q1;t � �f(q1;t) (6.2)25



Now if we have a functional relation, there are three possible behaviours ofthe system. These are: convergent, divergent and periodical or chaotic. This isshown in �gures 6.1, 6.2 and 6.3. In these �gures the equation 6.2 is shown anda trajectory of q1 when the system is iterated.
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Figure 6.1: Convergence of the quantities
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Figure 6.2: Divergence of the quantitiesIt is obvious that only the �rst form of behaviour is desirable. But whatkinds of functions show exactly this behaviour? They have to avoid chaotic orperiodic behaviour and they have to converge (at least locally) to a solution.Chaotic and periodic behaviour can be avoided by disallowing functions fso that x + f(x) does not have local maxima or minima. There are, of coursefunctions that do have local maxima and local minima and that do not exhibitchaotic or periodic behaviour, so the condition is su�cient, but not necessary.If we do have a function with local maxima and minima, we should be aware ofperiodic or chaotic behaviour.Divergence can be avoided by taking care that 0 < f 0(0) < 2� . Divergenceaway from the solution does not occur if we can �nd a limit d so that for everyj�j < jdj it is true that: jf(f�1(�)� ��)j < j�j (6.3)26
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Figure 6.3: Periodic behaviour of the quantitiesThis expression was derived by assuming that the sensor quantity q0 has avalue of �. The actuator quantity must then have a value of f�1(�) (hence theaforementioned local invertibility of the function). This was then substitutedin 6.2 after which equation 6.1 was used to calculate the new value of thesensor quantity. The condition 6.3 is now derived by making sure that the newdeviation is smaller than the old one.The inequality can be solved by assuming that � is so small that f(�) canbe approximated by f 0(0)� and f�1(�) by �f 0(0) . Substituting these and solvingfor f 0(0) (assuming � > 0) yields the aforementioned limits on f 0(0):0 < f 0(0) < 2� (6.4)Note that in the case that the goal value of the sensor is not zero, the derivatecan be taken at this goal value and the formula remains valid. Also comparethis result with that from equation 4.1.6.2 No Functional RelationOther interesting problems occur if there is no functional relation between thevalue of the actuator quantity and that of the sensor quantity. If this is the casethen a process of the form of equation 2.1 cannot directly control the value of asensor. Extra constraints need to be ful�lled for a system to be controllable insuch a case.An example of such a case was the phototaxis experiment from section 5.3.An other case where there is no functional relation is when one tries to learnforward or backward movement to a certain position instead of to a certainspeed. One does not monitor the measured speed in such a case, but the distancecovered by the robot. Preliminary experiments showed that this can also notbe learnt. 27



In both these cases there is a functional dependency between the integral(or the summation in the discrete case) over the actuator and the value of thesensor. In a situation like that the changes proposed by the PDL-processeswill not necessarily lead to a stable value of the actuator. This is even so inpreprogrammed systems. The PDL-processes will then not only not be able tolearn the desired behaviour, there is not even a way to implement it.We will attempt some mathematical analysis of the situation where there isa functional dependency between the integral or summation over the actuatorand the sensor. Cases in which there is another kind of relation or in whichthere is no relation whatsoever between the sensor and the actuator can alsoexist. But in the former situation, the analysis will be similar and in the latterno analysis is necessary as it is clear that nothing at all can be learnt.For the analysis we need two quantities, the sensor at time t q0;t and theactuator at time t, q1;t. We will assume that there is one process of the form:q1;t+1 = q1;t � �(0� q0;t)which is, in fact an ordinary PDL-system with zero as the goal value.Now we can write q1;t in terms of q1;0 and the series of q0;� where 0 � � < t.In other words: q1;t = q1;0 � � t�1X�=0 q0;� (6.5)The summation over all the actuator values, St, on which the value of thesensor is functionally dependent can now also be written in terms of q1;0 andthe q0;� :St = tX�=0 q1;� = (t+ 1)q1;0 � � t�1X�=0 (t� �)q0;t = (t+ 1)q1;0 � � t�1X�=0 (t� �)f(S� )(6.6)This might look like a recurrence, but it is in fact not, because St in this formulais only dependent on S� 's that have been calculated before. It is true, howeverthat St can now be written completely in terms of q1;0 and possibly an S0, whichwould have to be added separately.In a real system this extreme determinism will not be possible, as there willalways be some noise. However it is a good starting point for a mathematicalanalysis. We can for example investigate what conditions have to be ful�lledfor the system to reach an unchanging state. In such a state q0;t will have tobe zero otherwise the actuator will be changed. But it must also be true thatSt = St+1 because otherwise q0;t+1 will change as well.So for the system to be stable at time t it must both be true that q0;t =f(St) = 0 and the di�erence between St and St+1, Pt�1�=0 f(St) = 0. Not manyfunctions ful�ll this criterium, so it is unlikely that a stable state will be reachedin a certain system. 28



The limited repertoire of relations between sensors and actuators that canbe learnt by the PDL-system is a disadvantage. In chapter 7 we will discuss apossibility to extend the repertoire.
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Chapter 7How to Learn moreComplex ThingsThe genetic learning PDL system has shown some remarkable learning of sim-ple behaviour systems like forward movement, backward movement, haltingbehaviour and even a rudimentary form of obstacle avoidance. Problems oc-curred, however, when the behaviour systems that had to be learnt were morecomplex or were based on multiple sensors and actuators or consisted of a morecomplex relation between sensor and actuator.Another problemwas, that in most cases, except in the case where tendencieswere used, all processes had an equally big in
uence at all times. This wasespecially clear in the obstacle avoidance experiment. Here all the processeswere active (and were under the in
uence of the genetic algorithm) at the sametime. This resulted in a system that learned how to drive backwards every timewhen it encountered an obstacle, but which forgot this once it was clear of theobstacle.The tendencies as implemented in the experiment in chapter 3 were of notmuch use, as they were controlled with no purpose in mind and without alearning algorithm. Clearly a more intelligent solution is needed.7.1 Using a Finite State MachineUsing tendencies as a means to activate and deactivate behaviour systems isnot a bad idea. Only a more 
exible method of turning them on and o� isneeded. Ideally we would want a system that has one basic element that bothimplements the tendencies as well as builds the behaviour systems. Howevertendencies seem at the moment to require a rather di�erent mechanism thanthe behaviour systems.Behaviour systems monitor a sensor and in
uence an actuator accordingly31



in a dynamical and linear way. Tendencies on the other hand, are switched in anon linear way when a certain condition has been met. These kinds of behavioursuggest a �nite state machine that turns on and o� tendencies.A �nite state machine has an input and an internal state and a set of rulesthat determine the next internal state when it receives a certain input when itis in a certain state. In the case of a �nite state machine controlling behavioursystems the internal state consists of the active tendencies. The inputs are theevents that can happen to the di�erent active behaviour systems. These eventsare for example: achieving maximum satisfaction or not achieving maximumsatisfaction after a certain time limit.The �nite state machine can now switch between di�erent groups of activebehaviour systems according to the total behaviour of the system. The systemis illustrated in �gure 7.1
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Outside WorldFigure 7.1: Finite state machine controlling behaviour systems.7.2 Adding Learning CapabilitiesThe �nite state machine is capable of controlling the behaviour systems in acoherent way, but it is not very 
exible. Furthermore it must be determinedbeforehand which behaviour systems have to be used at which moments. Thisis an undesirable situation, as this might be impossible in certain cases andbecause we are researching learning behaviour in the �rst place.The behaviour systems themselves can learn according to the same rules asthose that were used in the earlier parts of this research. As long as they areonly trained when their tendencies are active. They should also not become toocomplex. The system will then have random behaviour in the beginning, but32



will be able to perform rather complex tasks in the end. This is comparable toa system that has a high level instinct, but that has to learn the basic workingsof its sensors. A system of this kind is in fact very useful, as it is able to adaptto changes in its sensors and actuators.However, we would want the system to be able to learn more complex things.Therefore the �nite state machine must be made 
exible as well. In other words,we want the system to learn the rules that govern the transitions between thedi�erent states (that is behaviour systems).These rules can be modeled as condition action pairs. The condition is theinput and the present state and the action is the next state. We now want asystem that can �nd out which rules are useful and which are not. For this weneed to solve a temporal credit assignment problem, because we do not knowwhen rules that perform a certain action will receive payo�.Notice that the system is very similar to a classi�er system. Classi�er sys-tems also use rules in the form of condition/action pairs and we could considerthe list of behaviour systems and events as the message list. Usually classi�ersystem use a system like bucket brigade or Q learning, but we will use a slightlydi�erent scheme.The credit assignment system for the classi�ers is based on a running averageof the temporal correlation between actions and satisfaction. For every rule arunning average is maintained which will be high (close to 1) if the rule beingactive is usually followed by a high satisfaction. The average will be low (closeto -1) if the activation of the rule is usually followed by decreasing satisfaction.With at the 0 if a rule is not active at time t and 1 if it is active and withst 1 if the satisfaction has increased at time t and -1 if it has decreased, thefollowing formula can make a reasonable estimate of this correlation:(�
)(1� �)0BBB@ atst + 
at�1st�1 + : : : + 
ta0s0+�(at�1st + 
at�2st�1 + : : : + 
t+1a0s1)+...�ta0st 1CCCA (7.1)Here 
 and � are constants that determine how quickly the past is forgotten.This might seem an extraordinarily complex formula, but it can in fact becalculated by keeping track of only two variables per timestep: the summationAtot;t over the activations and the total of the running average, Ftot;t. They canbe calculated by: Atot;t = (1� �)at + �Atot;t�1 (7.2)and Ftot;t = (1� 
)Atot;t � st + 
Ftot;t (7.3)We have now got an estimate over all time of how well a rule behaves.Note that the satisfaction function is something di�erent from the satisfac-tion functions of the basic behaviour systems. The basic behaviour systems have33



very simple satisfaction functions consisting of one goalvalue and one goalquan-tity. The satisfaction function of the whole system, on the other hand, can bearbitrarily complex.We can now use a genetic algorithm to �nd a good population of rules. Thisgenetic algorithm can for example copy the rules with �tness that is less thanzero with a certain (small) probability and rules with higher than zero �tnessalways or with a very high probability. To maintain diversity we will have toinsert new random rules into the population. This can be considered a form ofmutation. The resulting system is shown in �gure 7.2.
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Figure 7.2: Learning PDL system with classi�er system.Many variations on this basic theme can be tried out. The genetic algorithmproposed is still very primitive and will probably not work very well if we gettoo many rules with high �tness. ALso the classi�er system can be extended asnot to allow every active rule to perform its action. Rules will then be chosenwith a probability that is proportional to its �tness.7.3 Augmenting the Abilities of the BehaviourSystemsIn chapter 6 some arguments were put forward to show that the basic behavioursystems consisting of simple PDL-processes are a bit too simple for real worldlearning tasks. In this section we will show that these are in fact equivalentto a very simple form of neural network and make a suggestion as to how thecapabilities can be extended.The simple PDL processes used in this research are very similar to simpleneural networks. This becomes clear if we write the system in a matrix notation.34



Using equation 2.2 we can write:~Q0 =M ~Q+ ~G (7.4)Where ~Q and ~Q0 are the vectors q0 : : : qn of quantities. Vector ~Q contains theold values and ~Q0 contains the new values.The elements of matrix M can be calculated by the following formula:mij = � Xpjp2P\lp=i\kp=j�1 (7.5)In other words, the matrix elements represent the number of times a certainquantity is added to another quantity when cycling the system. The scalingfactor � was necessary, because it is also present in the processes themselves.The vector ~G consists of the values that are added to quantities in a PDL-cycle. These are given by equation:gi = � Xpjp2P\lp=i
p (7.6)The de�nitions of all the symbols can be found in section 2.2.In the matrix form of equation 7.4 the PDL system looks remarkably likethe description of a recurrent network with asymmetric inhibiting connectionsand linear activation functions. The elements of matrix M are the weights of theconnections and the vector ~G represents the thresholds of the network nodes.The quantities themselves map on the nodes. The values of the quantities arethe activations of the nodes.From neural network theory (see for example [HKP91]) we know that net-works that have only linear threshold functions are not very powerful. Alsoin chapter 6 it was shown that the only type of relation that can be learnt isa direct functional dependency between actuator and sensor which also has toful�ll certain constraints if one wants to avoid chaos or divergence. A somewhatmore powerful basic process could be based on a device from control theory,known as the PID � (for an introduction into control theory, see for example[DSW90]).A PID is a device that bases its output on a weighted sum of terms that areproportional to the derivate of the measured function, to the measured functionitself and to the integral over the measured function. By using the extra termsone can implement controls between sensors and actuators that do not have adirect functional dependency.A genetic algorithm can be used to search for the right weights of the threeterms and for the right combinations of sensors and actuators. In such a geneticsearch one could use crossover between individuals having the same sensor and�Suggested by drs E.J.W. Boers in a personal communication.35



actuator. One should also take measures to maintain diversity, as it couldbe necessary to have multiple sensors in
uencing multiple actuators for thebehaviour system to function.The processes based on PID's are a direct extension of the simple PDLprocesses from this thesis if we add a small o�set to their outputs. If we choosea negative weight for the proportional term of the PID and zero weights for theother terms they are in fact equivalent. We thus have a real extension to theold system.This system has not been implemented yet. For the PID's to work, someextra information about the quantities has to be maintained and choices haveto be made with what accuracy that is done. Also the genetic algorithm hasto be modi�ed considerably. It cannot be kept a simple as it was in this re-search. The basic determination of �tness, however, can still be kept the same.Examples that could be tested with this new system are the phototaxis fromsectionsect:phototaxis and possibly the experiment in which a certain point hasto be reached with translation.
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Chapter 8ConclusionsThe simple PDL processes learning with a genetic algorithm seem to be apromising learning system. They learn in real time and on line without su-pervision from a teacher. Furthermore the system learns very quickly.The system has been implemented on a real robot, which learned forwardmovement, halting behaviour and backward movement and also a combinationof these three behaviours. Also a very simple one dimensional obstacle avoid-ance was learned, but this was found to require constant action of the geneticalgorithm, instead of produce a stable behaviour system.In the long term behaviour instabilities were found, but these could beavoided by limiting the number of instances of each processtype and by elimi-nating unused processes. Also some problems with the extreme dependency ongood staring parameters were found, but these too could be solved by choosingthe right size of the starting population. Unfortunately a sound theoretical basisfor stable behaviour was not found.Theoretical analysis showed severe limitations to the kinds of behavioursthat can be implemented using the simplest form of PDL-processes. It wassuggested in this paper to use PID's instead. The use of a simple classi�ersystem was suggested to get di�erent behaviour systems to cooperate. Boththese suggestions were not tested in an implementation.Learning PDL processes also appear to be similar to simple neural networks.It has to be investigated if results from the very rich �eld of arti�cial neuralnetwork research (see e.g. [HKP91]) can be applied to PDL-processes.Genetic learning PDL processes ful�lled many requirements necessary foruse in a real robot. They learn on-line, without supervision and very quicklyin simple situations. This shows great promise, but unfortunately a very im-portant requirement for use in real world applications, the provability of stablebehaviour, was not ful�lled. Also the system as tested is not able to imple-ment more complex or discontinuous behaviours. It is hoped that the suggestedimprovements can change this. 37



The simple system showed great performance in simple situations. It ishoped that with the results and suggestions of this paper a more complex systemcan be built that performs as well in more complex situations.
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