E�cien Memory-based Learning for Rob ot Con trol Andrew William Mo ore rinit Hall dissertation submitted for the degree of Do ctor of Philosoph in the Univ ersit of Cam bridge. Octob er 1990

Abstract This dissertation is ab out the application of mac hine learning to rob ot con trol. system whic has no initial mo del of the rob ot/w orld dynamics should able to construct suc mo del using data receiv ed through its sensors|an approac whic is formalized here as the SAB (State-Action- Beha viour) con trol cycle. metho of learning is presen ted in whic all the exp eriences in the lifetime of the rob ot are explicitly remem ered. The exp eriences are stored in manner whic ermits fast recall of the closest previous exp erience to an new situation, th us ermitting ery quic predictions of the e�ects of prop osed actions and, giv en goal eha viour, ermitting fast generation of candidate action. The learning can tak place in high-dimensional non-linear con trol spaces with real-v alued ranges of ariables. urthermore, the metho oids um er of shortcomings of earlier learning metho ds in whic the con troller can ecome trapp ed in inadequate erformance whic do es not impro e. Also considered is ho the system is made resistan to noisy inputs and ho it adapts to en vironmen tal hanges. ell founded mec hanism for ho osing actions is in tro duced whic solv es the exp erimen t/p erform dilemma for this domain with adequate computational e�ciency and with fast con ergence to the goal eha viour. The dissertation explains in detail ho the SAB con trol cycle can in tegrated in to oth lo and high complexit tasks. The metho ds and algorithms are ev aluated with umerous exp erimen ts using oth real and sim ulated rob ot domains. The �nal exp erimen also illustrates ho comp ound learning task can structured in to hierarc of simple learning tasks.

Ac kno wledgemen ts ould lik to thank sup ervisor William Clo ksin for the initial motiv ation for this ork, and for his help and advice. am ery grateful to Mary Lee and Thomas ogel who pro vided aluable and detailed commen ts on man drafts of the dissertation. Thanks are also due to Thomas Clark and Barney ell for man useful and inspiring discussions. am grateful to Chris tk eson for in tro ducing me to um er of imp ortan pieces of related ork. Declaration hereb declare that this dissertation is the result of wn ork and, unless explicitly stated in the text, con tains nothing whic is an outcome of ork done in collab oration. No part of this dissertation has already een or is curren tly eing submitted for an degree, diploma or other quali�cation at an other univ ersit This dissertation is dedicated to paren ts.

Con ten ts In tro duction 1.1 Learning Con trol: Motiv ations 1.2 The SAB Learning System 1.3 This Dissertation What are Rob otic asks? 2.1 Con en tional Rob ot Con trol 2.2 Rob ot Con trol: Di�culties 10 Learning Rob otic asks 13 3.1 The Birth of Learning Con trol 13 3.2 What Should Learned? 16 3.3 The Imp ortan Issues for Learning Con trol 20 3.4 Learning Rob ot Con trol: Recen ork 24 3.5 This In estigation 28 SAB Learning 30 4.1 AB Learning 30 4.2 The erceiv ed State ransition unction 31 4.3 The Moun tain Car Example 33 4.4 The SAB Con trol Cycle 34 Nearest Neigh our: Quic k, Cheap Learning? 37 5.1 The Nearest Neigh our Generalization 37 5.2 Alternativ Generalizations 42 5.3 The Class of Learnable unctions 50 5.4 The Accuracy of Learning 54 5.5 Nearest Neigh our: Discussion 58

Kd-trees for Cheap Learning 64 6.1 Nearest Neigh our Sp eci�cation 64 6.2 Naiv Nearest Neigh our 65 6.3 In tro duction to kd-trees 65 6.4 Nearest Neigh our Searc 68 6.5 Theoretical Beha viour 72 6.6 Empirical Beha viour 74 6.7 urther kd-tree Op erations 78 SAB-trees: Coping with Disorder 82 7.1 SAB Relations, and their Represen tation 82 7.2 Resisting Noise 83 7.3 Adapting to Changing En vironmen 88 7.4 Up dating the Relation 89 7.5 SAB-tree Garbage Collection 94 SAB Con trol 95 8.1 Making Con trol Decision 95 8.2 Con trol Decision Analysis 111 8.3 Learning One’s Own Strength 116 Learning to erform ask 118 9.1 Where do Goal Beha viours come from? 118 9.2 Con trolling an Ice Puc is Easy 119 9.3 Lo Abstraction asks 123 9.4 Middle Abstraction asks 124 9.5 Comp ound asks 125 9.6 The Bene�ts of Learning 129 10 Exp erimen tal Results 131 10.1 AB Learning 131 10.2 SAB Learning|The Tw Join Arm 134 10.3 ra jectory rac king Exp erimen ts 142 10.4 urther Arm Exp erimen ts 162 10.5 Juggling Ball 176 10.6 The olley ask 179 10.7 Exp erimen tal Results: Conclusions 183

11 Some Extensions 185 11.1 Albus’ CMA and kd-trees 185 11.2 Reinforcemen Learning using Dynamic Programming 190 12 Conclusion 203 12.1 Summary 203 12.2 Con tributions 206 12.3 uture ork and Extensions 207 12.4 Concluding Remarks 209 ormat of Graphs 210 Nearest Neigh our olynomially Learns Con tin uous unctions 212 Estimating whether Directed Beha viour is ttainable 213

Chapter In tro duction The intr duction starts with simple example of ob ot ontr ol pr oblem. Moti- vations for le arning ontr ol ar brie y eviewe d, and ther is statement of those ar as of the subje ct addr esse by this work. Final ly, some guidanc is given ab out the structur of the est of the dissertation. This dissertation is ab out rob ots whic can autonomously dev elop their wn mo dels of the orld. Figure 1.1 sho ws rob ot lo oking at its hand. all times the con troller ust ho ose join torques to cause the erceiv ed osition of the hand to eha in whic helps ac hiev some task (suc as mo ving to ards the cross-hairs). Suc con trol problem can solv ed if the rob ot kno ws ho the follo wing are related: The erceiv ed State the lo cation of the image of the hand, and also its erceiv ed sp eed and direction. The ra Action the signals sen to the motors. The erceiv ed Beha viour the hange in erceiv ed osition and elo cit whic then ccurs. This relationship is the comp osition of man other relationships. Ho do es the torque at join dep end on the signal to the join t? Ho do es the torque a�ect the angular acceleration of the join in this particular con�guration? Ho do es the con�guration a�ect the erceiv ed hand osition? This is an example of the cen tral problem of lo lev el rob otics|the need to compute the relationship et een um er of ariables related to the rob ot’s state and the en vironmen t. Suc relations are termed world mo dels They include kinematic mo dels, hand-ey co ordination mo dels, dynamic mo dels, and spatial mo dels. The mo dels are di�cult to obtain mathematically for reasons describ ed later. more app ealing, and arguably more practical to obtain them is through learning.

Figure 1.1 rob ot lo oking at its wn torque-con trolled arm. 1.1 Learning Con trol: Motiv ations system whic can impro itself is an aesthetically pleasing thing. related motiv ation for designing learning rob ots is to understand ho learning ccurs in biological organisms. successful automatic learning system migh pro vide an indication as to ho animals and eople learn. Rob ot learning seems particularly go place to egin, ecause motor learning is erhaps the most basic form of learning eha viour in organisms. It is not, ho ev er, guaran teed that engineering solution pro vides complete biological explanation. An analogy is igh t, in whic the engineered solution di�ers mark edly from the biological solution. Ho ev er, the most imp ortan motiv ation is practical one. Con en tional con trol cannot cop with the sorts of in teresting, autonomous mac hines whic ould substan tially di�eren from presen industrial mac hinery The main reason is the di�cult of preco ding su�cien tly general orld mo del to accurately tak accoun of all ev en tualities. The orld is complex|ev en analytic mo dels for simple comp onen ts suc as the relationship et een join angles, elo cities, accelerations, and torques are ery complex. This is true ev en when highly idealized and simpli�ed comp onen mo dels are used. 1.2 The SAB Learning System This dissertation is ab out practical, e�cien t, fast and robust metho to obtain rob ot orld mo dels learning. The use of the ord \rob ot" is for conciseness: the ork is also applicable to other dynamic con trol problems whic need ultiv ariate mo dels of the orld. The metho is called the SAB arning System The acron ym denotes the three comp onen ts of dynamic orld mo del:

state, action and eha viour. The principal aims of SAB learning are listed here: Practical. The ork is strongly motiv ated desire to oid the \Micro-w orld" problem. It is concerned with learning in complex high-dimensional state and con trol spaces with real- alued ranges of ariables. E�cien t. The time to up date the orld mo del with new kno wledge and to use the mo del that is learned is su�cien tly fast that it can realistically ccur as the rob ot op erates. This is attained means of computationally e�cien algorithms. ast. The learning metho is fast so that erformance impro es ery quic kly This is ac hiev ed partly means of erful generalization, but primarily using one-shot learning metho d: only one presen tation of piece of data is required for its information to stored. It is not the case that something ust seen um er of times, eac time erturbing the orld mo del to ards represen tation whic lessens the error. Robust. The learning metho can cop with disorder in the en vironmen t, oth in the form of noise, and in the form of either gradual hange or sudden unpredictable hange. It is also robust with resp ect to in ternal parameters, whic can hosen with minimal forekno wledge of the kind of relationship eing learned. Finally it is metho whic is hard to get \stuc k"| it will not rep eat the same error. This in estigation also explains and demonstrates ho learning orld mo dels can su�cien to transform the design of rob ot con trollers in to simpler design problems. or simple con trollers suc as tra jectory follo ers, or pic and place, there is almost no additional e�ort. or comp ound tasks, the use of learned orld mo dels can eep the con troller design pro cess at an en tirely abstract lev el whic renders the design problem easy for uman, and erhaps ev en automatable. 1.3 This Dissertation This dissertation egins with an in tro duction to the tec hniques and problems of rob ot mo delling and con trol, and then an in tro duction to oth earlier and curren ork in the �eld of learning con trol. It formalizes the eha viour of learned mo del-based con troller and then discusses how orld mo dels migh represen ted. It then explains in detail wh the hosen represen tation can exp ected to meet the goals (in turn) of practicalit e�ciency sp eed, and robustness. The last features require sp ecial atten tion and are dealt with in their wn hapters. By this time further issues ha een unco ered, including the curse of dimensionalit and the searc for useful div ersit of exp erience. These problems are explained and then dealt with using an algorithm called the SAB ction Cho oser ollo wing this there is discussion of ho est to use the orld mo del to accomplish tasks.

After the main dy of the dissertation, ariet of exp erimen ts are conducted to ev aluate the metho d’s erformance. These exp erimen ts include Learning hand-ey co ordination of real �v e-join ted arm. Learning visually observ ed tra jectory of sim ulated torque-con trolled arm under wide ariet of conditions. Learning mo emen con trol er wide ariet of tra jectories for the same arm. Learning to juggle. Learning to olley sim ulated ball in to sim ulated buc et. Before the conclusion there is discussion of additional in estigations relating this ork to other ork: new metho of implemen ting Albus’ CMA and some exp erimen ts with \v ariable resolution dynamic programming".

Chapter What are Rob otic asks? This chapter serves as simple intr duction to some of the issues of ob otic ontr ol. It gins by intr ducing and giving examples fr om the disciplines of i) ob ot mo d- el ling, ii) ob ot ontr ol and iii) ob ot intel ligenc e. It then discusses the pr oblems of onventional ob ot mo del ling and how they a�e ct the higher levels of ontr ol. 2.1 Con en tional Rob ot Con trol This section pro vides brief in tro duction to the tasks facing the designer of rob ot con troller. egin listing the problems whic need to solv ed in increasing lev el of abstractness. 2.1.1 Rob ot Mo delling Con en tionally mo delling is ac hiev ed analytically This is successful and almost univ ersally applied metho in man branc hes of engineering. set of primitiv axioms whic mo del the eha viour of the primitiv comp onen ts of the ph ysical orld are com bined using mathematical analysis to mo del complex systems. erception. In order to ac hiev task, it is often necessary for ob jects in the real orld to observ ed, and from these observ ations to obtain their real orld ositions and orien tations. An example metho of erception is vision, in whic the mapping from the image to the real orld osition and orien tation is required. Kinematics. It is usually necessary for rob ot con troller to obtain the ositions and orien- tations of particular links and join ts in di�eren frames of reference (suc as the real orld). This computation tak es as input i) the �xed data ab out the rob ot, suc as its top ology and link-lengths, and ii) ector of curren join ositions. join osition is ypically either joint angle if the join is rev olute (as are the join ts in Figure 2.1) or else joint length if the join is prismatic. The output of the computation is the lo cation of the links in orld co ordinates. Con ersely it is often necessary to tak as input target osition in some other co ordinate frame (suc as the real

Figure 2.1 ulti-join ted rob ot ma- nipulator. orld), and to obtain set of join ositions whic ould pro duce this target osition. The former computation is of the rob ot’s kinematics and the latter is of the rob ot’s inverse kinematics Dynamics. The rob ot’s dynamic eha viour is determined the forces whic are acting up on it. Some of these forces, suc as gra vit are out of its con trol. Other forces (or torques) are supplied to the rob ot’s join ts. The dynamics problem is to compute ho the eha viour is a�ected the forces acting on the rob ot. formalize this problem, use the notion of system’s state state represen tation is col- lection of alues whic con tains su�cien information to predict, in principle, the future eha viour of the system, pro vided the future external and in ternal forces are also kno wn. particularly con enien state represen tation for rob otic manipulator consists of ectors and whic represen the curren set of join ositions and their elo cities. The state hange, the time deriv ativ of the curren state, is determined the in ternal and external forces on the arm. Giv en curren state ), the time deriv ativ of the osition comp onen of the state can calculated from trivially|it is the elo cit comp onen The deriv ativ of the elo cit the joint ac eler ations ector is the eha viour, dep enden on and the joint tor ques This calculation is the dynamics problem. The in erse dynamics problem is the con erse. Giv en curren state and target join acceleration one ust compute set of join torques, to ac hiev the target. 2.1.2 Rob ot Con trol ra jectory rac king. tr aje ctory is temp oral sequence of states (( (2 1)

It can trac ed sequence of join accelerations where +1 (2 2) where is the time step, ypically et een 50th and 1000th of second. =h is kno wn as the sampling fr quency The in erse dynamics mo del can used to determine sequence of join torque ectors whic ould cause these ideal accelerations. This metho implemen ts op en- lo op con trol, and as result the sequence of torque ectors can precomputed prior to tra jectory execution. or closed-lo op con trol the curren state is monitored, and the actual torque ector is mo di�ed according to the actual curren state. The adv an tage of closed-lo op con trol is that, should the eha viour of the manipulator di�er from that predicted the dynamic mo del, the trac king error can comp ensated. There are ariet of reasons that the predicted eha viour is lik ely to inaccurate, and these are discussed in Section 2.2. The comp ensation can function of the error signal. The �eld of Contr ol The ory Burghes and Graham, 1980 pro vides selection of sc hemes for generating this mo di�cation, and also pro vides the mathematical to ols to analyse the stabilit of the mo di�cation strategy Three common examples are Prop ortional (p ositional) con trol whic adds to the basic precomputed torque comp onen whic is prop ortional to the curren osition error, tending to cancel it out. Deriv ativ (v elo cit y) con trol whic adds comp onen prop ortional to the curren elo cit error. or example, if the required state is stationary then torques are supplied in the opp osite direction to curren mo emen t. In tegral con trol in whic the mo di�cation aries according to the recen lo cal accum ulation of errors. Di�eren con trollers can com bined additiv ely An example is PD-con trol in whic the hosen torque, no is de�ned as no no no (2 3) Suc use of precomputed in erse mo del and feedbac con trol is called fe dforwar con trol. It requires the in erse dynamics mo del to precompute the necessary torques, as ell as general con trol-theoretic mathematical to ols. In particular, the feedbac matrices suc as and in Equation 2.3 (called gains can determined analytically They are hosen to pro vide stable resp onse in short time. Generally this mathematical analysis requires the assumption of lo cal linearit in the dynamic mo del. Because the error is monitored and reduced, acceptable erformance can ccur ev en if the mo del is only simple appro ximation. The extreme case is where no in erse dynamics are computed, and eac join torque is computed en tirely according to the curren osition and elo cit errors. Eac join actuator is an indep enden servome chanism one-v ariable con trol system whic con tin ually tries to trac the input signal with its output signal means of linear feedbac con trol. or sp eeds whic are not lo w, this extreme approac results in large tra jectory trac king errors. Another sc heme is Compute or que Contr ol et al. 1987; An et al. 1988 in whic mo di�- cation can also based directly on the in erse dynamics mo del. The ideal acceleration to tak us bac to the tra jectory is computed, and then the torques to ac hiev this acceleration are computed using the in erse dynamics. If no no is the curren state, and are mean to at the th state in the tra jectory then attempt to apply acceleration no no no (2 4) If the tra jectory is con trolled in this fashion accelerations it is line ar system de�ned in Section 4.2. It can sho wn that, pro vided the gains are not to high, this will con erge to an accurate trac king of the tra jectory Computed torque con trol is computationally exp ensiv ecause the in erse dynamics ust computed in real time. The exten to whic the mo del is correct a�ects the accuracy and stabilit of the tra jectory trac king. some cost in accuracy simpler mo del of the rob ot dynamics could used. An example ould mo del whic only to ok gra vitational forces in to accoun t. In summary tra jectory trac king can ac hiev ed suitable use of the in erse dynamics mo del. Three ossible metho ds are Op en-lo op con trol, using precomputed in erse dynamics. This do es not hec for errors. Closed-lo op con trol using precomputed in erse dynamics and also mo di�cations as function of the error signal. This requires extra mathematical mo dels and analysis. Closed-lo op con trol dynamically computing the ideal curren accelerations and in turn the torques to ac hiev the accelerations. Balancing. ypically remaining in static osition is an easy application of closed lo op con trol, where the error signal is simply the di�erence et een the curren state and the ideal state ideal ). The state is alw ys hanged to lessen the error. Ho ev er, in some dynamic situations, no error-decreasing join torques ma ailable. This can ccur if an of the join actuators are insu�cien tly strong to pro vide the required torque. In some systems there migh ev en not an actuator at the join t. In this case, global strategy for returning to the goal is required: lo cal adjustmen ts are insu�cien t. This is stabilit problem. erfect kno wledge of the kinematics and dynamics ould not su�cien to solv this directly; some in telligence is also needed to dev elop strategy for stabilit

Figure 2.2 The Cart-P ole problem. The classic example is the ole balancing problem, describ ed in Mic hie and Cham ers, 1968 This is depicted in Figure 2.2. The cart can mo ed left or righ along ounded trac k. The base of the ole is �xed to the cart rev olute join with no actuator. The only con trol er the angle of the ole is th us indirect, means of thrusts to the cart. Balance has to non-lo cal: there are states in whic to prev en ev en tual disaster, the state ector ust mo ed further from the goal state. 2.1.3 Rob ot In telligence Obstacle Av oidance. mo the manipulator from one static con�guration to another, the con troller can trac straigh line, uniform sp eed tra jectory through join space. Ho ev er, during the transition the arm sw eeps out olume of space whic ust not coincide with an obstacles. Obstacle oidance in olv es �nding tra jectory in whic none of the in termediate con�gurations cause collision. or obstacle oidance, sp eci�cation of the shap of the rob ot is required, whic is de�ned as mapping from the join angles, to the space of three-dimensional solids. This sp atial mo del is implemen ted com bining standard three-dimensional geometrical algorithms with the rob ot kinematics. candidate tra jectory can tested using the spatial mo del to ensure that no in the tra jectory maps to solid whic in tersects with an obstacle. One ossible metho of solution is to obtain tra jectories using generate-and-test pro cedure. The searc for alid tra jectory can guided an ev aluation function. This function scores di�eren con�gurations badly for oin ts near obstacles and ell for oin ts far The tra jectory searc follo ws directions do wn the gradien of this function.

Autonom highly sophisticated rob ot con troller ould require abilities whic are at the momen only ailable to biological systems. These include planning, in ter-agen comm unication and failure managemen t. Suc abilities ould require kno wledge of the en vironmen whic migh ha to obtained learning. The study of these problems are not restricted to rob otics, but form uc of the general �eld of Arti�cial In telligence. or example, Firsc hein and others, 1986 considers the design of an autonomous rob ot to assist in the building of space station. The bandwidth for comm unication with the rob ot ould lo w, unreliable, and with time dela As result, it ould not practical to ha uman teleop erating eac task, and et �xed program sp eci�cation ould not co er the details of the wide range of tasks whic the rob ot ould exp ected to ac hiev e. Instead, the rob ot ould giv en relativ ely abstract task sp eci�cations, and ould left to compute lo cally the means to ac hiev them. 2.1.4 Discussion These ere examples of the tasks facing rob otic designers. Others include Actuator Mo delling, Con trol Languages and ra jectory Planning and Optimization. The examples ere in roughly increasing order of complexit and generally the earlier tasks can used within the solution of later tasks. 2.2 Rob ot Con trol: Di�culties The previous section considered some of the issues addressed the designer of rob ot con trol system. No let us explore the di�culties with these con en tional solutions. The discussion is split in to sections. The �rst discusses the problems of rob otic mathematical mo delling and the second considers the e�ect that de�ciencies in the mo dels ha on rob ot con trol. 2.2.1 Mathematical Mo delling of the Rob ot’s orld|the Problems 1. The mathematical mo del is built from set of axioms of the ph ysical eha viour of the orld (suc as Newton’s la ws of motion). Some lo lev el system comp onen ts are treated as eing atomic, ha ving the ideal prop erties required to �t these axioms. As result, the exten to whic the mo del is correct dep ends on the exten to whic the lo lev el comp onen ts do in fact matc the requiremen ts of the axioms. or example, the join ts in the arm ma mo delled as rigid links rotating around common frictionless axis. If in realit there is friction in the join then this mismatc et een the idealized assumption and the orld can lead to general mo del inaccuracies. If instead the friction is mo delled, it migh treated as gro wing linearly with angular elo cit This to o, is only an appro ximation, and the designer ust hec exp erimen tally that the inaccuracies are su�cien tly small. 10

2. The mathematical mo del describ es the eha viour in terms of the explicit system ariables suc as angles and elo cities and also large um er of system parameters. The system parameters include features lik the mass and momen ts of inertia of eac link, link lengths, co e�cien ts of friction, sensor lo cations, and the relationship et een actuator signals and the torques pro duced. The alues of these parameters cannot obtained from the theory and so ust measured. Man of these measuremen ts cannot made directly and so ha to computed from observ ations of other features of the system (these computations will in turn based on mathematical mo dels, with the same set of problems). The accuracy of these parameters a�ect the mo del accuracy often critically 3. The short term dynamic hanges in the system’s state are included in the dynamic mo del. Ho ev er, it is lik ely that there will other hanges in the system with time. These include gradual hanges in the erformance of comp onen ts due to ear and tear (for example, the join ecomes less sti� ). Gradual hanges could theoretically incorp orated, but in practice there are no tec hniques to mo del suc ear. Other hanges are the result of unpredictable system erturbations (for example camera eing jogged). These, again, are not ossible to mo del. The system designer ust assume that small hanges ha little impact on the mo del accuracy and ust regularly insp ect the equipmen to ensure that no signi�can hanges ha ccurred. 4. Generally the di�eren tial equations resulting from the mo dels are not analytically soluble and so need to appro ximated, or computed umerically in whic case issues of umerical stabilit arise. 5. The generation of mathematical mo dels eviden tly requires great deal of exp ertise. The designer needs to apply kno wledge ab out the axioms of the ph ysical orld eha viour. It is necessary to judge whic asp ects are imp ortan to mo del and whic are unlik ely to a�ect accuracy Then large degree of mathematical dexterit is required to com bine the com- onen ts of the mo del and solv the resulting equations. Some asp ects of this system migh automatable using algebraic manipulation soft are suc as REDUCE Hearn, 1973 but generally it requires the time of exp ensiv e, highly skilled exp erts. 6. The mathematical mo dels require enormous computational er. This greatly increases the exp ense of calculating real time dynamics and in erse dynamics for tasks suc as tra jectory trac king. Ho ev er, increasingly erful computers will ev en tually able to deal with this problem ev en for complex dynamic systems. 2.2.2 Discussion of Rob ot Con trol The argumen in this section will that the high lev el rob otic problems are alw ys one of the follo wing: 11

Searc problems. These are examples of more general problems, particularly those from the �elds of optimization and Arti�cial In telligence (AI). Mo delling problems. These are caused inaccuracies in mathematical mo delling. This argumen is supp orted considering some of the tasks discussed in the previous section. ra jectory trac king is ery or if it is op en-lo op and the mo del is ev en marginally inaccurate. If con trol is closed-lo op then the error caused an inaccurate mo del is reduced, and ypically consists of the actual state lagging ehind, or nev er quite reac hing, the desired tra jectory further problem for computed torque or feedforw ard con trol for tra jectory trac king is the enormous amoun of computation required. Ho ev er, other than these mo delling problems, there are few di�culties in designing tra jectory trac er. Balancing can ac hiev ed trying to trac the static tra jectory It is made harder in the case where the system is in state of serious im balance: an attainable tra jectory bac to safet ust deduced, and there is no en tirely general to obtain suc tra jectory analytically from the mathematical mo del. If the strategy is to obtained automatically searc tec hniques ust applied. Obstacle oidance relies on spatial kinematic mo del. Giv en goal and set of kno wn obstacles then ev en if the mo del is en tirely correct, it will not able to prescrib suitable tra jectory The solution is searc problem in three-dimensional space. Autonom dep ends on an abstract represen tation of the orld and up on man of the general problem solving abilities prop osed and in estigated in ariet of �elds in AI. Abstracting some asp ects of the orld, suc as placing ev erything in uniform co ordinate system, is mo delling problem. Other asp ects of autonom are from the AI domain. This dissertation concen trates on solution to mo delling problems. When the designer of the high lev el con trol is confron ted with searc problem they ha alternativ es 1. erform the searc and planning tasks man ually and encapsulate the kno wledge in program. 2. use the est automatic tec hniques from the optimization and AI �elds. The conclusion is that for man rob otic design tasks, at least one of these alternativ es will en tirely adequate. This is ecause the design tasks ma in domains whic are restricted enough to allo suc kno wledge to expressed, or for planning to tak place in realistic time. The ma jorit of the dissertation will fo cus instead on ho to reliably and accurately learn mo dels of the orld. 12

Chapter Learning Rob otic asks This chapter surveys the elate liter atur in le arning ontr ol. It gins with arly work, and then intr duc es the imp ortant distinction etwe en work which le arns ac- tion maps and work which le arns world mo dels. articularly imp ortant aim of the survey is to show that arlier work in the �eld an usual ly gar de as le arning some elationship etwe en state, action and ehaviour. Other imp ortant issues in le arning ontr ol ar also surveye d. ol lowing that, some articularly elevant e- ent work is summarize d. the end of the chapter is description of how this dissertation �ts in with the issues discusse d. 3.1 The Birth of Learning Con trol The mec hanical go ernor, in en ted James att in 1788, is device whic regulates the sp eed of rotating shaft. If the rotation increases then pair of balls mo further apart. This mo emen is transmitted mec hanically to the engine pro ducing the rotation, and causes it to ork less hard, for example closing gas ue. Con ersely if the rotation is less than ideal, the balls are closer and this similarly causes the engine to increase its output. It is an elegan system whic con trols itself automatically sensing the erformance and then making adjustmen ts to bring the erformance closer to ideal. Suc systems ha een common in mec hanical engineering for er cen tury These are called close d-lo op con trol systems. During this cen tury the use of analogue electronics has allo ed uc more exible approac to suc systems. Measuremen ts of the erformance can enco ded as electrical signals instead of mec hanical ositions. rom this, more sophisticated forms of closed-lo op con trol ha een ossible. More recen tly the signals ha een enco ded and pro cessed digitally allo wing et another increase in the exibilit and amoun of the information ailable. The large amoun of information whic can no obtained ab out system leads to the question of ho it can est used. One approac is to use it in the same manner as earlier generations 13 of con trollers. This pro vides robust but undane con trol. An example of this approac are serv o- driv en rob otic manipulators. Eac join is mo ed sp ecifying the desired osition of the join t, and then this simple closed-lo op con trol is used for eac join indep enden tly to con tin ually mak adjustmen ts un til the osition of eac join is as required. more in teresting ossibilit is to use more of the information receiv ed through the sensors to autonomously impro erformance le arning ab out the orld. The ene�ts are summarized here. Optimalit Con trol of complex systems suc as manipulators can ecome quic er and more accurate. Self Programming. Complex systems do not need to analysed and mo delled exp ensiv uman exp erts. Instead they can disco er their wn abilities. Mo del of In telligence. system whic impro es its wn erformance pro vides ossible mo del for the eha viour of biological systems. Disorder. system whic monitors its wn erformance migh able to cop with noisy or non-stationary en vironmen t. The di�cult is that there is ery large amoun of information whic can used. Man trade-o�s are ailable et een i) the reliance on standard con trol tec hniques and ii) the in tensiv pro cessing of dynamic information. One trade-o� is to use the information to automatically mak adjustmen ts to the con troller at high lev el. This is discussed in the next subsection. 3.1.1 Adapting the Higher Lev els of Con trollers The standard closed-lo op con troller mak es adjustmen ts at lo lev el. If serv o-con trolled arm tries to follo tra jectory it con tin ually monitors the curren error in the osition and elo cit In addition to this, adjustmen ts can made at higher lev el of con trol. Th us, after an attempted tra jectory has een completed, the data collected can used to adjust, in adv ance, the torques whic will supplied to eac join at eac time step next time the tra jectory is attempted. This idea is the basis of Adaptiv Con trol Phan et al. 1990 di�eren example of the idea of making adjustmen ts at higher lev els of abstraction is ask- Lev el Learning Ab oaf et al. 1989 An example of this is thro wing ball at target. Con en tional mo delling and con trol are used to thro the ball, but when it fails (due to mo delling errors) an adjustmen is made to ho hard the ball is thro wn. If it had fallen short it is thro wn harder next time, and if it had ershot it is thro wn less hard. The idea as applied successfully to real bat and ball juggler, the lo er lev els of whic had een built using mathematical mo dels of the system comp onen ts. With no task-lev el learning the ball as usually dropp ed after only or three hits. With task lev el learning the time to failure as substan tially increased to ypically et een eigh and en hits. 14

3.1.2 The Basis of Learning Con trol The basis for learning con trol as established during the 1960s and is consolidated in the exp ository pap er u, 1970 Here, summarize the pap er. cites ariet of ossibilities for learning con trol. Classi�cation from teac her. The �rst ossibilit as to learn to classify states accord- ing to whic action should est applied. This drew on the emerging �eld of attern Classi�cation Duda and Hart, 1973 If sample of states with kno wn optimal actions are giv en, then pattern classi�er can learned whic h, when giv en state not in the original sample, pro duces an action whic h, according to some prede�ned criterion, est agrees with the sample oin ts. ossible criteria included the assumption that the optimal con trol actions ere line arly sep ar able in whic case the learning con troller tried to �nd yp erplane to partition the state space in manner whic agreed with the sample oin ts. This metho did not actually use information from the en vironmen to impro erformance, but instead relied on teac her to tell it what as correct. Reinforcemen learning. If, after eac action is applied, part of the information from the en vironmen is signal sa ying ho ideal that action had een, then this signal could used to impro erformance. This is einfor ement le arning In this ork the state space as partitioned in to di�eren regions. Within eac region the relativ probabilities of attempting alternativ actions ere mo di�ed according to the reinforcemen signal. The use of reinforcemen signal increases the autonom of the learning, but is still tric ky requiremen t: man systems, while ha ving global goal, �nd it hard sp ecify lo cal goals whic ould lead to the global erformance. Sto hastic automata. sto hastic automaton has �nite um er of in ternal states whic are tra ersed et een eac con trol cycle. The input to the automaton is one of �nite um er of reinforcemen signals from the orld. The output of the automaton is one of �nite um er of actions it applies. The state transition function is sto hastic matrix, whic is mo di�ed sc heme designed to increase the probabilit of causing outputs whic pro duce higher lev els of reinforcemen t. u’s erview also men tions some of the issues whic h, since the date of the pap er, ha een further dev elop ed in the �eld. These include the problems of learning in orld whic can hange unpredictably (a non-stationary en vironmen t), the problems of slo learning rate and the question of ho learning con trollers can link ed together. The history of these and other issues are discussed in Section 3.3, but �rst will explain ho di�eren approac hes to learning con trol dev elop ed from these seeds. 15

3.2 What Should Learned? There are fundamen tally di�eren things that learning con trol system can attempt to acquire. One is the Action Map State Action (3 1) and the other is the orld Mo del whic in this disssertation is in terpreted as eing of the form State Action Beha viour (3 2) whic is often learned instead as the In erse orld Mo del State Beha viour Action (3 3) The in erse form of the orld mo del is dangerous to learn as it ma not function. Giv en curren state and desired eha viour, there migh in some con texts no actions to ac hiev the eha viour, and in other con texts ultiple actions. Successful learning of an in erse orld mo del requires extra domain kno wledge that these problems will not ccur. During the remainder of this hapter, all the ork will surv ey ed using in terpretation of learned mappings as eing either action maps or orld mo dels that relate state, action and eha viour. The next subsections describ early examples of eac of these. ollo wing that, subsection 3.2.3 con trasts the approac hes. 3.2.1 Mic hie and Cham ers: BO XES An early and classic, example of action map learning is the BO XES ole-balancing system Mic hie and Cham ers, 1968 The system to con trolled is ole balanced on cart. The cart can thrust left or righ at eac con trol cycle, but these are the only ermitted actions. The state of the system (whic consists of four alues: the osition and elo cit of the cart, and the angle and angular elo cit of the ole) can observ ed at eac con trol cycle. The goal is to prev en the ole from falling, and this is the only sp eci�cation whic is giv en to the learning system. The systems learns the action map: cart cart cart cart {z State Left Right {z Action (3 4) The represen tation of the mapping is four-dimensional arra indexed on the quan tized state ariables. or example, all co ordinates of the cart et een 35 ins and 21 ins to the left of the cart are considered eha viourally equiv alen t. Fiv grades of osition are distinguished. In total there are 225 en tries in the arra (these en tries are the xes after whic the system is named). The con ten ts of the xes a�ect what action is hosen should the system’s state ev er coincide with the x. It con tains statistics of previous decisions made when the as en tered. These 16 iden tify the mean surviv al time when the Left action as tak en and mean surviv al time when the Right action as tak en. The decision as to whic direction to ho ose is biased according to whic is exp ected to ha longer life. Th us as learning con tin ues, decisions whic lead to disaster are gradually eliminated, ev en if they do not lead to immediate disaster. This system th us displa ys the desirable prop ert that lo cal reinforcemen signal is not required| all learning is done simply from the �nal outcome of the trial. The system did indeed manage to learn to balance the ole within ypically thousand balancing attempts. 3.2.2 Raib ert’s arameterized Metho Raib ert’s ork Raib ert, 1978a; Raib ert, 1978b learned to con trol real torque driv en rob ot ma- nipulator. It learned the follo wing in erse orld mo del: Join Angles Join elo cities {z State Join Acc’ns {z Beha viour Join orques {z Action (3 5) This is again represen ted quan tized ulti-dimensional arra The state space is six-dimensional with ten quan tization lev els and so there are 10 cells (hash co ded to sa memory). Eac cell corresp onds to simple lo cal mo del of the eha viour of the rob ot. This learning system uses domain kno wledge ab out the form of equations of motion of rob ot arm. Suc equations ha parameters whic ary throughout the state space but can assumed constan within eac x. The alues of these parameters can estimated for eac cell, recording the real orld exp eriences of the rob ot and then in erting the kno wn (linear) form of the lo cal mo del to obtain the parameters. The metho of estimating lo cal parameters pro vides ery accurate mo del with the disadv an tage of needing to assume certain form for the dynamic equations of motion. The learning system as giv en the task of follo wing presp eci�ed tra jectory This it did using the learned mo del to precompute the necessary torques. During execution of the tra jectory no feedbac as used. Despite this op en-lo op con trol, the erformance as go and impro ed during learning (though it did not reac erfect eha viour). Con ergence to ok appro ximately 2000 trials. Raib ert carried out some further tests illustrating imp ortan features of learning con trol. Firstly he tested erformance in an en vironmen whic hanged unpredictably er time. The exp erimen consisted of erio of normal learning after whic h, unkno wn to the con troller, the dynamic eha viour of the arm as hanged adding eigh to join t. second exp erimen similarly attac hed spring to join t. The arm adapted, but slo wly to the hanges. His second extra exp erimen as to learn one tra jectory and then try executing nearb tra jectory This as to see ho successful the gener alizing abilities of the learning system ere. The results sho ed that tra jectory as learned more quic kly if nearb tra jectory had een previously learned. 17

3.2.3 Learning Action Maps or orld Mo dels? Subsequen in estigations in learning con trol ha di�ered as to whic of these approac hes is adopted. This surv ey will distinguish clearly for eac piece of ork it examines whic kind of mapping is learned. This is ecause it has large impact on the applicabilit exp ected erformance and utilit of the learning system concerned. There is trade-o� et een the usefulness of what is learned and the exp ected ease and sp eed of learning. Learning action maps pro vides more useful end-pro duct ecause the learned con troller kno ws what to do at eac state it is in. The disadv an tage is that an action map is generally hard to learn. It is not alw ys clear whether curren erformance can impro ed, and if it can e, ho to impro it. ery simple example of this is the armed bandit problem, describ ed more fully later, whic is system with no state and only ossible actions but for whic an optimal solution is still not kno wn. Despite these serious di�culties, action map learning has een attempted with some suc- cess Mic hie and Cham ers, 1968; Barto et al. 1983; Kaelbling, 1990b; Simons et al. 1982; Gordon and Grefenstette, 1990 As ell as Mic hie and Cham er’s ole Balancer, Barto et al. 1983 ha implemen ted learning con troller whic balances ole considerably more quic kly with the same dela ed reinforcemen signal (remem er, the ole con troller only gets told ab out its er- formance when the ole falls). The impro emen is le arning an immediate reinforcemen signal. The reinforcemen signal scores an action decision as go if it mo es the ole state in to sup erior state and bad if it mo es it in to an inferior state. The relativ qualities of states are estimated record of the exp ected time to failure starting from eac state. The precise de�nition of this alue is hard to pin do wn. It is trying to estimate the exp ected time to failure from the curren state if the optimal con troller ere used, but it is estimating this means of the exp ected time to failure if the curren con troller is used. Unfortunately this recursiv de�nition could ha ultiple solutions and so is not necessarily ell-de�ned. In practice in this and other ork (e.g. Jordan and Jacobs, 1990 ), this am biguit do es not seem to cause problem. ery recen in estigation Kaelbling, 1990a; Kaelbling, 1990b thoroughly consolidates ork in this area as \Learning in Em edded Systems". Learning orld mo dels is uc easier, ecause it is based on ob jectiv observ ations ab out the orld. If erformance is inadequate then it is ecause the observ ed eha viour di�ers from the predicted eha viour. In suc case it is clear ho the orld mo del should up dated|it should reduce or eliminate the error. or this reason, mo del-based learning con trol systems ha een more opular Raib ert, 1978b; Miller, 1989; Mel, 1989; tk eson, 1989; Zrimec and Mo wforth, 1990; Sutton, 1990 There is sacri�ce to made for the relativ ease of learning: although the orld ma mo delled, it is not necessarily clear ho to use this mo del. The in estigations men tioned ab deal with this problem in ariet of ys. eak AI or optimization. In Christiansen et al. 1990 con troller learns ho at blo 18 eha es when the tra up on whic it is lying is tilted rob ot. The exp erimen ts in olv real, visually observ ed, rob ot. The orld mo del learned is Start os’n and orien tation {z State Tilt angles {z Action End os’n and orien tation {z Beha viour (3 6) The represen tation is means of quan tized arra The rob ot is giv en goal osition and orien tation. The curren osition and orien tation is observ ed. There is generally not an action whic could immediately pro duce the desired goal, and so instead standard searc is carried out with reference to the learned orld mo del to �nd sequence of actions to ac hiev the goal. The tra tilting ork explores further learning con trol issues discussed shortly Other examples of mo del-based learning whic use searc and optimzation are Mel, 1989 whic erforms est �rst searc to pro duce an obstacle-a oiding ositional tra jectory to reac visual goals and Sutton, 1990 whic uses dynamic programming based on the learned mo del to plan simple maze paths to goal. erform non-abstract task. Some rob otic tasks are su�cien tly concrete that there is not uc more to do than learn the orld mo del. The prime example of this is the tra jectory trac king task studied Raib ert, and similar tasks are in tk eson, 1989; tk eson and Reink ensmey er, 1989; Miller et al. 1987 Use mo del-based pre-programmed con troller. This is logical extension of the previous approac h. Giv en an abstract problem, design mo del-based con troller to ac hiev the problem. Suc mo del-based con trollers can simple and unsophisticated. recen example of this is the con troller for visual trac er designed in Miller, 1989 whic is guided program that can expressed as short set of decisions and feedbac rules. The top-lev el programs are of su�cien tly simple form that there ma some mec hanism to generate them automatically Learn an ev aluation function. As ell as learning the orld mo del, an ev aluation function on orld states can learned. An evaluation function is mapping of the form EF State (3 7) Con en tionally the lo er EF ), the etter the state The orld mo del in conjunction with the ev aluation function can used to ho ose actions. Giv en curren state, the set of ossible actions is consulted, and for eac candidate action the ev aluation is computed of the predicted resultan state. The action is hosen whic minimizes the predicted ev aluation. This is e�cien pro vided the um er of ossible actions is not large. 19

This metho is used Connell and Utgo�, 1987 to balance ole, though in this case the orld mo del is not learned, but estimated from the single previous state transition. mapping is learned from states to the exp ected time to disaster. Learning ev aluation functions has also een used in other domains suc as puzzle and game learning, where the orld mo del is trivially ailable and do es not need to learned Sam uel, 1967; Rendell, 1983 3.3 The Imp ortan Issues for Learning Con trol 3.3.1 The Curse of Dimensionalit Realistic systems, whether they are learning action maps, or mo dels of the orld, should able to cop with domain dimensions et een appro ximately zero and eigh teen (eigh teen, ecause direct driv six-join ted arm has elv dimensions to its state space and six dimensions to its action space). Ho ev er, uc ork has een restricted to learning task dimensions et een zero and four. As will see, man learning represen tations and con ergence times ecome exp onen tially orse with increasing dimensionalit Approac hes whic den umerate all ossible actions similarly blo up with increasing dimensionalit of the action space. These problems are comp ounded when, as is usually the case, the ariables of state space and action space are con tin uous. or example, it is generally not kno wn in adv ance at whic lev el it is safe to quan tize, or whether the quan tization lev els should ary The problem of dimensionalit has rarely een directly addressed in the learning con trol liter- ature. It is generally dealt with in one of the follo wing ys. Assume the con trol spaces are small and den umerable. This is the assumption of sto hastic automata u, 1970 and of systems whic mak brutal quan tizations to state spaces Mic hie and Cham ers, 1968; Barto et al. 1983; Christiansen et al. 1990 and com- monly for reinforcemen learning researc Kaelbling, 1990b; Sutton, 1990 Similarly action spaces are often small (for example the classic ole balancer has only actions). This is reasonable approac for initial in estigations of other asp ects of learning con trol, but there is no doubt that it is useful, at some oin t, to tak these initial approac hes up to bigger problems. Assume there is underlying, disco erable, structure in the problem. generalize in an it is essen tial to ha this assumption in some form. Ho ev er, the strength of the assumption can ary ery greatly arameterized mapping learners, whic are describ ed in Section 5.2, and whic include olynomials and neural nets, use strong form of the assumption Minsky and ap ert, 1969; Jordan and Jacobs, 1990 Unless hosen with fore- kno wledge of the structure of the orld mo del, there is no guaran tee that an ossible set of parameters could pro duce mapping whic ould adequately mo del the data. Decision tree 20 classi�ers Quinlan, 1983 mak eak er assumption|that the domain can split up in to fairly small um er of large yp errectangular regions in whic the classi�cation is constan t. This feature is common with the approac of Salzb erg, 1988 and Aha et al. 1990 whic oth learn using the nearest neigh our generalization, but whic use the assumption that classi�cation regions can haracterized small um er of ell hosen example oin ts exemplars ). Only learn ab out one task. Ev en if the state space is eigh t-dimensional, if only one tra jectory is required, then the eha viour of the orld need only learned along one one- dimensional strand. This is the approac used adaptiv con trollers for rob ot arms Phan et al. 1990; An et al. 1988 It as also used in Miller et al. 1987 The dimensionalit of the mo del is th us brough do wn to one. Only learn small sub-areas of the task. This is natural extension of the previous approac h, whic learns small regions of the domain, but not as small as one-dimensional strand. Ev en for an en tirely rep etitiv task it is usually imp ortan to kno ab out eha viour whic is close to the solution of task, but whic is not actually in the solution of the task. This is in order to comp ensate for unpredictable deviations. Th us the con troller’s tactics in learning task are to try to eep the exp eriences clustered around fairly lo dimen- sional, task-sp eci�c, subspace. In Miller, 1989 this goal is stated. This idea is demonstrated in Clo ksin and Mo ore, 1989 in whic hand-ey co ordination relation is learned for �v e-join ted arm, but learning is biased to explore o-dimensional subspace su�cien to reac all observ ed ositions. 3.3.2 ariable Resolution The abilit to concen trate on particularly imp ortan areas of the con trol space requires suitable hoice of mapping represen tation. This aim is particularly imp ortan giv en the conclusion of the previous subsection|that the only defence against the curse of dimensionalit without assuming extra domain kno wledge is to concen trate on task-sp eci�c sub-areas. This issue is considered in Simons et al. 1982 in whic arra xes are recursiv ely partitioned to increase resolution where necessary and also in the ork of Connell and Utgo�, 1987 whic learned to balance ole without needing to quan tize the state ariables. 3.3.3 Mo dularization In almost all tec hnological professions, large systems are brok en do wn in to smaller comp onen ts| ypically in hierarc It is desirable to ac hiev this with learning con trol systems. The result ould group of sim ultaneous learning con trollers, with some abstract con trollers making use of other concrete con trollers. There are issues here: 21

Ho should the hierarc organized?. Ho could the organization ac hiev ed automatically? The �rst question has een men tioned in sev eral places u, 1970; Sutton, 1990 but has not een discussed in detail. The exception to this is the arc hitecture prop osed in Albus, 1981 The second problem is in teresting but ery di�cult, and has not een addressed for hierarc hical structures with mo dules as complex as learning con trollers. 3.3.4 Disorder in the En vironmen The consequence of disordered en vironmen is that individual observ ations ma not reliable. The follo wing are reasons that an en vironmen ma disordered. Noisy en vironmen t. What the con troller erceiv es is randomly erturb ed from what actu- ally happ ens. In this case the solution is to use lo cal eraging of data, the implemen tation of whic dep ends en tirely on ho the mapping is represen ted. Represen tations of mappings are discussed in Chapter 5. Non-deterministic en vironmen t. simple approac to this problem ould to treat the non-determinism as noise. or in teresting forms of non-determinism this is inadequate ecause the ariation and probabilit distribution of the mapping eing learned can also aluable information for the con troller. The tra tilting rob ot of Christiansen et al. 1990 learns to use actions whic ha minimal non-determinism in preference to unreliable actions. Non-determinism in the learning of action maps is also considered Kaelbling, 1990b; Sutton, 1990 Non-stationary en vironmen t. This problem has een in estigated Raib ert, 1978b; Miller et al. 1987; Mo ore, 1990 for the case where the orld whic is eing mo delled is erturb ed, requiring quan titativ hange in the con trol strategy uc harder problem is discussed in Sutton, 1990 in whic the con trol strategy can undergo qualitativ hange. Sutton’s YNA-Q system is describ ed in Section 3.4. 3.3.5 State Iden ti�cation Both action maps and orld mo dels need to able to detect the state of the system. this oin it is orth recalling the de�nition of system’s state Imagine that can detect certain amoun of information ab out the curren con�guration of the system. If this information, com bined with an prop osed sequence of actions is in principle su�cien to determine future eha viour of the system, then the information is represen tation of the system’s state. 22

Most ork in the �eld assumes the information pro vided to the system is su�cien to determine state, th us requiring certain (although small) amoun of orld kno wledge from the system de- signer. partial solution to the case where the imp ortan asp ects of state are unkno wn is prop osed in Simons et al. 1982; armer and Sidoro wic h, 1988 Another approac is suggested in ogel, 1989 3.3.6 Exp erimen ting When the con troller is learning, it needs to generate div ersit of exp erience. Metho ds to ac hiev this fall in to three categories. Use teac her. The role of teac her is not simply to tell the system what should done to erform the task, but can also to guide the system to areas of the state space whic are judged to pro�table to explore. The most common form of teac her has een naiv serv (linear feedbac k) con troller tk eson and Reink ensmey er, 1989; Miller, 1989; Miller et al. 1987 whic directs the exp erience to ards areas of the state space whic lie close to the solution. Extra domain kno wledge of the structure of the orld mo del is required to pro vide suc teac her. Use randomness. This is the most common approac to gaining exp erience. Recen exam- ples of its use ha een Mel, 1989; Zrimec and Mo wforth, 1990 Estimate the utilit of information-gain. This has een recen tly in estigated thor- oughly Kaelbling, 1990a; Kaelbling, 1990b This ork uses statistical heuristic called In terv al Estimation to ho ose actions whic are lik ely to ac hiev rew ard, but whic oid getting stuc on rep eated application of kno wn undane action when there are sup erior actions with little exp erience ailable. The ork in estigates i) algorithms in whic there is immediate reinforcemen t, and ii) dela ed reinforcemen (so that the hoice of action is not only motiv ated the next state, but erhaps man states in the future). It also cop es ell with ery non-deterministic en vironmen ts. Cho osing actions using heuristics whic in- clude the ene�ts of information gain has also een in estigated Christiansen et al. 1990; Sutton, 1990 3.3.7 Inductiv Learning The discussion, and literature review ed in this section, has een considering the design of con troller to erform ell in its en vironmen t. There are other goals of learning, and one imp ortan one is to explain the en vironmen t. It can argued that unless this is ac hiev ed, truly complex tasks will alw ys require uman in terv en tion. urthermore, it has een argued Mic hie, 1989; Samm ut and Mic hie, 1989 that learning systems will not accepted commercially unless their decisions can understo the uman users. 23

3.4 Learning Rob ot Con trol: Recen ork 3.4.1 Connell and Utgo�: ariable Resolution ole Balancer In Connell and Utgo�, 1987 an ev aluation function as learned for the classic ole balancing problem (describ ed in Section 3.2.1). The ev aluation function as Cart-P ole state {z State Desir ability (3 8) As men tioned in Section 3.2.3, an ev aluation function in conjunction with orld mo del can pro vide the same functionalit as an action map, but in this exp erimen no orld mo del as used. Instead the ev aluation of the next state if the most recen action ere rep eated is obtained. This is obtained using the eha viour of the most recen action in the previous state as guide to ho it ould alter the curren state. If the predicted ev aluation is decline then the alternativ action is automatically used without predicting its consequences. The ev aluation function is represen ted an explicit record of exp erienced states and in terp o- lated using Shepard’s metho d, describ ed in Section 5.2. The ev aluation function is not up dated using the relationship et een subsequen states, but according to an ad-ho analysis of the 100 states prior to the collapse of the ole. Ho ev er, with an appropriate hoice of parameters it do es quic kly learn to balance the ole. 3.4.2 Miller: Learning orld Mo dels using CMA Recen ork W. T. Miller and colleagues Miller et al. 1987; Miller, 1989 has used CMA Albus, 1975a; Albus, 1975b to mo del the orld. The mo del is then used in conjunction with teac her, in the form of simple linear feedbac con troller, to impro erformance. Tw in estigations ha een rep orted in the literature. Learning to trac dynamic tra jectories. This ork learned the in erse orld mo del Join angles Join elo cities {z State Join Accelerations {z Beha viour Join orques {z Action (3 9) for sim ulated o-join ted rob ot arm. Goal tra jectories ere de�ned in join space co ordi- nates. The main exp erimen ts used rep etitiv tra jectory and ere taugh �xed-gain con troller. The results sho ed quic impro emen on the erformance using the feedbac con troller alone. Exp erimen ts ere also carried out with sev eral tra jectories to learned and with hanges in the en vironmen t. CMA C’s eha viour as discussed, in particular the problems of to small an underlying memory Kinematic visual trac king of mo ving ob jects. three-join ted rob ot arm held camera, oin ting do wn ards at con ey or elt. The ork as motiv ated the adv an tages of eing 24 able to use orld mo dels in the same co ordinate system as the task eing learned. In this case the task co ordinates ere the visually sensed osition and orien tation of plastic disp osable razor and the sensed join angles of the arm. The arm as con trolled requesting join elo cities whic ere obtained indep enden serv motors in eac join t. Both the forw ard and in erse orld mo dels ere learned. The forw ard mo del as the relationship et een the curren join angles, the curren observ ed osition of the razor, the requested join elo cities that ere sen to the motors and the resulting hange in the image osition. The image osition alue as obtained image pro cessing, and consisted of three alues: the and co ordinates of the cen ter of the razor’s image and its orien tation. The forw ard mo del as th us Join angles Image osition {z State Join elo cit {z Action Image hange {z Beha viour (3 10) and the in erse mo del as Join angles Image osition {z State Image hange {z Beha viour Join elo cit {z Action (3 11) The task as to eep the image of the razor �xed (whic mean the arm had to mo to eep the camera still relativ to the mo ving razor). Exp erience as again pro vided means of teac her, fairly complex osition feedbac con troller. This required substan tial amoun of domain kno wledge, ecause the feedbac as in join space, whereas the trac king error as in image space. Tw CMA Cs ere used, one for eac mo del. On eac con trol cycle the forw ard mo del as used to predict where the razor ould app ear on the next cycle, and from this the desired image-p osition hange as computed. The bac kw ard mo del as used to obtain join elo cit to ac hiev the desired image-p osition hange, and the feedbac con trol signal as added. The results ere again go d, with �nal erage error of appro ximately quarter of that obtained with the feedbac con trol alone. Learning ypically to ok ab out ten trials, with the razor eing placed iden tically at the start of eac trial. With random initial razor con�guration, learning as considerably slo er and less accurate. 3.4.3 Mel’s MURPHY This ork Mel, 1989; Mel, 1988 learned vision-based kinematic con trol of real three-join ted planar arm. An in teresting feature of the in estigation as an \ecological" approac h, in whic the visual observ ations ere ept in the ra sensed form of 64 64 binary arra The con trol as again based on learned orld mo del: Join angles {z Action Ra Image {z Beha viour (3 12) The orld mo del as forw ard. As Mel explains, this is generally the only alid direction in whic to learn since the in erse mo del will usually not ell-de�nable function. While true of most 25 domains of other ork ers, this is particularly true of the kinematics of dundant manipulator. manipulator is redundan if there are ultiple ys to mo the gripp er to desired osition (or desired osition and orien tation). The orld mo del is learned erio of random ailing of the arm. It is pro cessed and represen ted d-tree algorithm whic has the eha viour of neural-net (Chapter in tro duces, describ es and ev aluates d-trees). After the orld mo del is learned it is used to plan sequences of incremen tal join mo di�cations to reac target ositions while oiding visually observ ed obstacles. Mel stresses the imp ortance of this planning taking place using the learned mo del rather than requiring real execution. The plan is mo di�ed est �rst searc using visual distance heuristic. It is aided second learned orld mo del|the in erse di�eren tial kinematics: Join angles {z State Hand osition hange {z Beha viour Join angle hange {z Action (3 13) This to is not ell-de�ned function, but Mel explains ho to rectify this. The learning is successful, but computationally exp ensiv (though uc of the exp ense seems lik ely to due to pro cessing of the 64 64 images). 3.4.4 tk eson’s Memory-based Con trol This ork tk eson and Reink ensmey er, 1989; tk eson, 1989 learns to con trol sim ulated dynamic rob ot arm to follo tra jectory and also learns corrections to fo ot placemen mo del for sim ulated hopping rob ot. or the �rst exp erimen the mo del learned is the in erse orld mo del Join angles Join elo cities {z State Join Accelerations {z Beha viour Join orques {z Action (3 14) The represen tation is the explicit set of data oin ts. ariet of generalizations are tried: 1. Nearest neigh our. 2. Lo cal regression. 3. Lo cal �tting to quadratic surface. The task is sp eci�ed tra jectory of join angles and the exp erience is gained means of teac her|a linear PD-con troller. The con ergence is generally successful and quic k, though the simple nearest neigh our generalization sometimes gets in to \stuc states", in whic erformance is not impro ed. The lik ely reason is that an incompletely learned in erse mo del can resuggest actions whic are kno wn to ha failed. This problem is discussed in Section 5.1. The rate of learning and �nal accuracy is seen to impro with increasing complexit of the metho of generalization. 26

The fo ot placemen task is learned as Hopp er state {z State elo cit next step {z Beha viour ot placemen {z Action (3 15) Instead of the learning the mo del directly it is learned as an adjustmen to simple analytic orld mo del. This di�erence mapping can exp ected to smo other than the direct mo del, and th us more easy to learn. Other asp ects of the fo ot con trol are ac hiev ed using non-learning metho ds. The results sho mark ed impro emen er using the simple orld mo del, though stuc states are still problem. 3.4.5 Zrimec and Mo wforth’s Blo Pusher In Zrimec and Mo wforth, 1990 real rob ot learns the e�ects on blo of pushing it with the gripp er of rob ot. The blo k’s osition on horizon tal surface is observ ed visually from ab e, efore and after smo oth straigh line rob ot mo emen t. The orld mo del learned is Relativ os’n orien tation of blo {z State Relativ mo emen of pusher {z Action Change in relativ os’n orien tation {z Beha viour (3 16) An in teresting feature of this exp erimen is that there is no goal, simply an undirected aim to obtain kno wledge. The represen tation of the mapping is decision tree, whic is able to pro duce concise, uman comprehensible, description of the mapping. Exp erimen tation is means of random mo emen ts. In the same in estigation the follo wing further issues are discussed: 1. Ho to decide whic ariables are dep enden on whic others. 2. Ho to quan tize the range of con tin uous ariables. 3. ossible metho ds for automating and 2. 3.4.6 Sutton’s YNA-Q Arc hitecture This ork Sutton, 1990 has only rather small exp erimen t, whic leads to uncertain as to whether the approac can scale up. Ho ev er, there is discussion of um er of in teresting and imp ortan issues for learning con trol. The YNA framew ork assumes that the sp eci�cation of tasks is only via rew ard, or reinforcemen t, signals. This assumption mak es the learning problem more di�cult, ecause, for example it ould forbid the use of feedbac con trollers as teac hers. Ho ev er, if YNA learning is ac hiev ed then the system has great deal of autonom The system learns orld mo del, but also generates an ev aluation function whic estimates the relativ qualities of states. The ev aluation function is computed from the orld mo del 27 dynamic programming Burghes and Graham, 1980 In practice, to oid erio ds of asted time in whic the rob ot is planning without gaining extra kno wledge for the orld mo del, the dynamic programming ccurs incremen tally in parallel with task execution. The example is simple maze domain with 56 discrete states and discrete actions. The con troller receiv es reinforcemen of zero, except when it mo es in to sp ecial goal state. If it reac hes the goal state it is reset to its starting state. Th us, the tactics for maxim um erall rew ard are to rep eatedly trace the shortest path from start to goal, but ev en these abstract tactics are not giv en to YNA in adv ance. Learning, and optimal eha viour, do indeed ccur quic kly after the �rst run. Exp erimen tation is random, but biased in fa our of actions whic are predicted to pro duce impro ed rew ard. As time progresses, the lev el of randomness decreases. cop with hanging en vironmen t, in whic the curren est set of actions migh hange, Sutton suggests adding an explor ation onus to the reinforcemen whic encourages rarely visited states to ccasionally visited in case there is ossible impro emen t. This is demonstrated with maze in whic all sections ccasionally app ear or disapp ear. 3.5 This In estigation Here, brie y men tion whic asp ects of the �eld describ ed in this hapter are in estigated this dissertation. am concerned with making rob ot learning more practical, and so orld mo del learning is used in preference to action map learning. ery imp ortan topic whic is tac kled is the curse of dimensionalit whic has not een sp eci�cally stated goal for other pieces of ork. art of the approac to this is to use learning metho with ery ariable resolution, and this has profound consequences for the represen tation of the mapping. The initial represen tation examined, while ideal for ariable resolution, learning rate, and learning e�ciency has or noise tolerance and brittle erformance in non-stationary en vironmen t. The metho ould ha serious eakness could it not cop with these problems and so mo di�cations are dev elop ed whic do not lose its primary adv an tages. second critical asp ect for oiding dimensionalit problems and for increasing the rate of learning is the nature of exp erimen tation, and metho is dev elop ed whic estimates the utilit of information gain. In order to comp ensate for the relativ eakness of the autonom of orld mo del learner (compared with an action map learner), the in estigation also fo cuses on ho complex tasks can mo dularized in to hierarc of learning tasks. It also learns as abstract mo del as it can erforming en tirely in the er eive orld. 28

3.5.1 Robustness Another aim of this ork is to ha robust learning metho d|one in whic the system do es not get in to situation whic do es not ac hiev the goal and in whic further impro emen do es not ccur. learning system whic is in suc situation is called stuck Some iden ti�ed features whic migh cause stic king are: Insu�cien tly general class of learnable mo dels. (Discussed for ar ametric metho ds in Sec- tion 5.2, and sho wn to oided in Section 5.3). Using only an in erse orld mo del. (Discussed in Section 5.1). ailing to pro vide adequate exp erimen tation. (Discussed in Chapter 8). Blame assignmen errors in hierarc hical learning systems. (Discussed in Chapter 9). 3.5.2 Issues not Addressed Some imp ortan issues are not addressed this in estigation. In eac case it is considered that the loss of the feature, while requiring more of the system designer, is also not generally critical for the autonom of the system. These issues are state iden ti�cation, learning non-deterministic orld mo del and pro viding an inductiv (\simple") explanation of the orld mo del. further issue whic is left to the system designer is scaling of state ariables (discussed in Section 5.1). 29

Chapter SAB Learning This chapter intr duc es SAB arning: the main ide which wil develop during the ourse of this dissertation. The chapter gins with ob ot pr oblems which have no state, and intr duc es the onc ept of Per eption unction. It then extends this to dynamic state and the Per eive State ansition unction. Final ly the se quenc of actions taken by an SAB le arner is describ d|the SAB Contr ol Cycle. 4.1 AB Learning Before considering full dynamic con trol of rob ots, will examine the simpler problems of ercep- tion and geometry An example of suc problem is hand-ey co ordination. The end-p oin of the arm is readily iden ti�able some image pro cessing. or example, one simple implemen tation is to subtract images of the arm obtained mo ving only its gripp er, and to then erform trivial statistics on the thresholded image. This obtains the er eive or dinates of the hand: the co ordinates of the hand image. The computer whic receiv es these alues can also send signals to the arm. These consist of um er of alues, one sen to eac join t. Eac sp eci�es, in enc der units the angle (or, for prismatic join t, the length) that the join should tak e. When these signals arriv the join angles are automatically and slo wly adjusted indep enden serv omec hanisms un til the sp eci�ed alues are all ac hiev ed. Th us, for hand-ey co ordination, the Action is the set of requested join angles. ypical hand-ey co ordination task is to mo the erceiv ed hand osition to target erceiv ed osition. This can sp eci�ed directly sho wing the goal to the con troller. It is clear that to ac hiev the task the con troller needs kno wledge of the relationship et een the erceiv ed image co ordinates and the ra action signal it sends. It is in teresting to note that it do es not necessarily need to kno relationships et een these and an absolute \real orld" co ordinate system. This is an example of the general problem where con troller needs relationship et een the ra actions it is mean to supply and the erceiv ed eha viour. In the cases where there is domain 30

Bibliograph Ab oaf et al. 1989 E. W. Ab oaf, S. M. Druc er, and C. G. tk eson. ask-Lev el Rob ot Learning: Juggling ennis Ball More Accurately. In IEEE International Confer enc on ob otics and utomation 1989. Aha et al. 1990 D. W. Aha, D. Kibler, and M. K. Alb ert. Instance-Based Learning Algorithms. app ar in Machine arning 1990. Albus, 1975a J. S. Albus. New Approac to Manipulator Con trol: Cereb ellar Mo del Artic- ulation Con troller (CMA C). Journal of Dynamic Systems, Me asur ement and Contr ol pages 220{227, Septem er 1975. Albus, 1975b J. S. Albus. Data Storage in the Cereb ellar Mo del Articulation Con troller (CMA C). Journal of Dynamic Systems, Me asur ement and Contr ol pages 228{233, Septem er 1975. Albus, 1981 J. S. Albus. Br ains, Behaviour and ob otics BYTE Bo oks, McGra w-Hill, 1981. An et al. 1988 C. H. An, C. G. tk eson, and J. M. Hollerbac h. Mo del-Base Contr ol of ob ot Manipulator M. I. T. Press, 1988. Angus, 1989 J. E. Angus. On the connection et een neural net ork learning and ultiv ariate non-linear least squares estimation. Neur al Networks 1(1), Jan uary 1989. tk eson and Reink ensmey er, 1989 C. G. tk eson and D. J. Reink ensmey er. Using Asso ciativ Con ten t-Addressable Memories to Con trol Rob ots. A. I. Memo 1124, M. I. T. Arti�cial In telli- gence Lab oratory, No em er 1989. tk eson, 1989 C. G. tk eson. Using Lo cal Mo dels to Con trol Mo emen t. In Pr dings of Neur al Information Pr essing Systems Confer enc No em er 1989. Barto et al. 1983 A. G. Barto, R. S. Sutton, and C. W. Anderson. Neuronlik Adaptiv ele- men ts that that can learn di�cult Con trol Problems. IEEE ansactions on Systems Man and Cyb ernetics 1983. Ben tley 1980 J. L. Ben tley Multidimensional Divide and Conquer. Communic ations of the CM 23(4):214|229, 1980. Bib-1

Breiman et al. 1984 L. Breiman, J. H. riedman, R. A. Olshen, and C. J. Stone. Classi�c ation and gr ession es adsw orth, 1984. Burghes and Graham, 1980 D. Burghes and A. Graham. Intr duction to Contr ol The ory including Optimal Contr ol Ellis Horw d, 1980. Burkhill, 1978 J. C. Burkhill. First Course in Mathematic al nalysis Cam bridge Univ ersit Press, 1978. Christiansen et al. 1990 A. D. Christiansen, M. T. Mason, and T. M. Mitc hell. Learning Reliable Manipulation Strategies without Initial Ph ysical Mo dels. In IEEE Confer enc on ob otics and utomation pages 1224{1230, 1990. Clev eland and Delvin, 1988 W. S. Clev eland and S. J. Delvin. Lo cally eigh ted Regression: An Approac to Regression Analysis Lo cal Fitting. Journal of the meric an Statistic al Asso ciation 83(403):596{610, Septem er 1988. Clev eland, 1979 W. S. Clev eland. Robust Lo cally eigh ted Regression and Smo othing Scatter- plots. Journal of the meric an Statistic al Asso ciation 74(368):829{836, Decem er 1979. Clo ksin and Mo ore, 1989 W. F. Clo ksin and A. W. Mo ore. Some Exp erimen ts in Adaptiv State Space Rob otics. In Pr dings of the 7th AISB Confer enc e, Brighton Morgan Kaufman, April 1989. Connell and Utgo�, 1987 M. E. Connell and E. Utgo�. Learning to con trol dynamic ph ysical system. In Pr dings of the meric an Asso ciation for rti�cial Intel ligenc Confer enc 1987. Diederic h, 1990 J. Diederic h. An Explanation Comp onen for Connectionist Inference System. In L. C. Aiello, editor, Pr dings of ECAI90: the 9th Eur op an Confer enc on rti�cial Intel- ligenc pages 222{227, August 1990. Duda and Hart, 1973 R. O. Duda and E. Hart. Pattern Classi�c ation and Sc ene nalysis John Wiley Sons, 1973. armer and Sidoro wic h, 1988 J. D. armer and J. J. Sidoro wic h. Predicting Chaotic Dynamics. In J. A. S. Kelso, A. J. Mandell, and M. F. Shlesinger, editors, Dynamic Patterns in Complex Systems orld Scien ti�c, New Jersey, 1988. Firsc hein and others, 1986 O. Firsc hein et al. eleop eration and Rob otics Scenarios. In rti�cial Intel ligenc for Sp ac Station utomation pages 288{305. NASA Adv anced ec hnology Advisory Committee, 1986. rank e, 1982 R. rank e. Scattered Data In terp olation: ests of Some Metho ds. Mathematics of Computation 38(157), Jan uary 1982. Bib-2 riedman et al. 1977 J. H. riedman, J. L. Ben tley and R. A. Fink el. An Algorithm for Finding Best Matc hes in Logarithmic Exp ected Time. CM ansactions on Mathematic al Softwar 3(3):209{226, Septem er 1977. et al. 1987 K. S. u, R. C. Gonzalez, and C. S. G. Lee. ob otics: Contr ol, Sensing, Vision and Intel ligenc McGra w-Hill, 1987. u, 1970 K. S. u. Learning Con trol Systems|Review and Outlo ok. IEEE ansactions on utomatic Contr ol pages 210{221, April 1970. Gordon and Grefenstette, 1990 D. F. Gordon and J. J. Grefenstette. Explanations of Empirically Deriv ed Reactiv Plans. In Pr dings of the 7th International Confer enc on Machine arning June 1990. Gottsc halk et al. 1989 G. Gottsc halk, J. L. urney and T. N. Mudge. E�cien Recognition of artially Visible Ob jects Using Logarithmic Complexit Matc hing ec hnique. International Journal of ob otics ese ar ch 8(6), Decem er 1989. Grosse, 1989 E. Grosse. LOESS: Multiv ariate Smo othing Mo ving Least Squares. In Appr oxi- mation The ory VI Academic Press, 1989. Hearn, 1973 A. C. Hearn. REDUCE User’s Man ual. ec hnical rep ort, Univ ersit of Utah, Marc 1973. Ho el, 1971 G. Ho el. Intr duction to Mathematic al Statistics Wiley In ternational, 1971. Holland et al. 1987 J. H. Holland, L. B. Bo ok er, and D. E. Goldb erg. Classi�er Systems and Genetic Algorithms. ec hnical Rep ort No. 8, Univ ersit of Mic higan, Cognitiv Science and Mac hine In telligence Lab oratory, 1987. Jordan and Jacobs, 1990 M. I. Jordan and R. A. Jacobs. Learning to Con trol an Unstable system with orw ard Mo deling. ec hnical rep ort, M. I. T., 1990. Kaelbling, 1990a L. Kaelbling. Learning unctions in -DNF from Reinforcemen t. In Pr d- ings of the 7th International Confer enc on Machine arning June 1990. Kaelbling, 1990b L. Kaelbling. Learning in Em edded Systems. PhD. Thesis. ec hnical Rep ort No. TR-90-04, Stanford Univ ersit Departmen of Computer Science, 1990. Kibler et al. 1988 D. Kibler, D. W. Aha, and M. K. Alb ert. Instance-Based Prediction of Real- alued ttributes. ec hnical rep ort 88-07, Univ ersit of California, Irvine, 1988. Langley et al. 1983 Langley G. L. Bradsha w, and H. A. Simon. Redisco ering Chemistry with the BA CON System. In Machine arning: rti�cial Intel ligenc Appr ach Morgan Kaufmann, 1983. Bib-3

Maclaren, 1989 N. M. Maclaren. Some Empirical Algorithms for non-Euclidean Nearest Neigh- our Searc hing. Do cumen at Cam bridge Univ ersit Computer Lab oratory, Decem er 1989. Mel, 1988 B. W. Mel. MURPHY: Rob ot that Learns Doing. ec hnical Rep ort UIUCDCS- R-88-1397, Univ ersit of Illinois at Urbana-Champaign, Jan uary 1988. Mel, 1989 B. W. Mel. MURPHY: Connectionist Approac to Vision-Based Rob ot Motion Planning. ec hnical Rep ort CCSR-89-17A, Univ ersit of Illinois at Urbana-Champaign, June 1989. Mic hie and Cham ers, 1968 D. Mic hie and R. A. Cham ers. BO XES: An Exp erimen in Adaptiv Con trol. In Machine Intel ligenc Oliv er and Bo yd, 1968. Mic hie, 1989 D. Mic hie. ersonal Mo dels of Rationalit y. Journal of Statistic al Planning and Infer enc 21, 1989. Also published as uring Institute ec hnical Rep ort. Miller et al. 1987 W. T. Miller, F. H. Glanz, and L. G. Kraft. Application of General Learning Algorithm to the Con trol of Rob otic Manipulators. International Journal of ob otics ese ar ch 6(2), 1987. Miller, 1989 W. T. Miller. Real-Time Application of Neural Net orks for Sensor-Based Con trol of Rob ots with Vision. IEEE ansactions on systems, Man and Cyb ernetics 19(4):825{831, July 1989. Minsky and ap ert, 1969 M. Minsky and S. ap ert. Per eptr ons M. I. T. Press, 1969. Mo ore, 1990 A. W. Mo ore. Acquisition of Dynamic Con trol Kno wledge for Rob otic Manipulator. In Pr dings of the 7th International Confer enc on Machine arning June 1990. Murra 1972 W. Murra Numeric al Metho ds for Unc onstr aine Optimization Academic Press, 1972. Omoh undro, 1987 S. M. Omoh undro. E�cien Algorithms with Neural Net ork Beha viour. ec h- nical Rep ort UIUDCS-R-87-1331, Univ ersit of Illinois at Urbana-Champaign, April 1987. Phan et al. 1990 M. Phan, J. N. Juang, and R. W. Longman. Recen Dev elopmen ts in Learning Con trol and System Iden ti�cation for Rob ots and Structures. In Dynamics of Sp ac structur es Confer enc e, Cr an�eld Institute of chnolo gy June 1990. oggio and Girosi, 1989 T. oggio and F. Girosi. Regularization Algorithms for Learning That Are Equiv alen to Multila er Net orks. Scienc 247:978{982, 1989. Preparata and Shamos, 1985 F. Preparata and M. Shamos. Computational Ge ometry Springer-V erlag, 1985. Bib-4

Quinlan, 1983 J. R. Quinlan. Learning E�cien Classi�cation Pro cedures and their Application to Chess End Games. In R. S. Mic halski, J. G. Carb onell, and T. M. Mitc hell, editors, Machine arning|A rti�cial Intel ligenc Appr ach (I) Tioga Publishing Compan alo Alto, 1983. Raib ert, 1978a M. H. Raib ert. Mo del for Sensorimotor Con trol and Learning. Biolo gic al Cy- ernetics 29:29{36, 1978. Raib ert, 1978b M. H. Raib ert. Motor Con trol and Learning the State Space Mo del. PhD. Thesis, M. I. T., 1978. Rendell, 1983 L. Rendell. New Basis for State Space Learning Systems and Successful Im- plemen tation. rti�cial Intel ligenc pages 369{392, 1983. Rumelhart and McClelland, 1984 D. E. Rumelhart and J. L. McClelland. Par al lel Distribute Pr essing|Explor ations in the Micr ostructur of Co gnition M. I. T. Press, 1984. Salzb erg, 1988 S. Salzb erg. Exemplar-based learning: theory and implemen tation. ec hnical rep ort, Aik en Computation Lab oratory Harv ard Univ ersit y, 1988. Samm ut and Mic hie, 1989 C. Samm ut and D. Mic hie. Con trolling ‘Blac Bo x’ Sim ulation of Spacecraft. ec hnical Rep ort TIRM-89-039, uring Institute, Octob er 1989. Sam uel, 1967 A. L. Sam uel. Some Studies in Mac hine Learning using the Game of Chec ers I|Recen Progress. Memo No. 52, Stanford Arti�cial In telligence Pro ject, June 1967. Simons et al. 1982 J. Simons, H. an Brussel, J. De Sc utter, and J. erhaert. Self-Learning Automaton with ariable Resolution for High Precision Assem bly Industrial Rob ots. IEEE ansactions on utomatic Contr ol 27(5):1109{1113, Octob er 1982. Stan�ll and altz, 1986 C. Stan�ll and D. altz. ards Memory-Based Reasoning. Commu- nic ations of the CM 29(12):1213{1228, Decem er 1986. Sutton, 1990 R. S. Sutton. In tegrated Arc hitecture for Learning, Planning, and Reacting Based on Appro ximating Dynamic Programming. In Pr dings of the 7th International Confer enc on Machine arning June 1990. Utgo�, 1989 E. Utgo�. Incremen tal Induction of Decision rees. Machine arning 4:161{186, 1989. alian t, 1984 L. G. alian t. Theory of the Learnable. Communic ations of the CM 27(11):1134{1142, No em er 1984. ogel, 1989 T. U. ogel. PhD. Thesis Prop osal. First ear Rep ort at Univ ersit of Cam bridge Computer Lab oratory, Ma 1989. Bib-5

Whitley 1989 D. Whitley Applying Genetic Algorithms to Neural Net ork Learning. In Pr o- dings of the 7th AISB Confer enc e, Brighton Morgan Kaufman, April 1989. Zrimec and Mo wforth, 1990 T. Zrimec and Mo wforth. Learning an Autonomous Agen in the Pushing Domain. In Machine Intel ligenc 12 (to app ar shortly) Oliv er and Bo yd, 1990. Bib-6