[102] J. erb os. Beyond gr ession: New ols for Pr diction and nalysis in the Behavior al Scienc es PhD thesis, Harv ard Univ ersit 1974. [103] J. erb os. Adv anced forecasting metho ds for global crisis arning and mo dels of in tel- ligence. Gener al Systems arb ok 22:25{38, 1977. [104] J. erb os. Building and understanding adaptiv systems: statistical/n umerical ap- proac to factory automation and brain researc h. IEEE ansactions on Systems, Man, and Cyb ernetics 1987. [105] J. erb os. Generalization of bac propagation with applications to recurren gas mark et mo del. Neur al Networks 1, 1988. [106] B. Widro w. In T. Miller, R. S. Sutton, and J. erb os, editors, Neur al Networks for Contr ol The MIT Press, Cam bridge, MA. app ear. [107] B. Widro w. Adaptiv in erse con trol. In Se ond IF Workshop on daptive Systems in Contr ol and Signal Pr essing pages 1{5, Lund, Sw eden, 1986. [108] B. Widro w, N. K. Gupta, and S. Maitra. Punish/rew ard: Learning with critic in adaptiv threshold systems. IEEE ansactions on Systems, Man, and Cyb ernetics 5:455{465, 1973. [109] B. Widro and M. E. Ho�. Adaptiv switc hing circuits. In 1960 WESCON Convention or Part IV pages 96{104, 1960. Reprin ted in J. A. Anderson and E. Rosenfeld, Neu- omputing: oundations of ese ar ch The MIT Press, Cam bridge, MA, 1988. [110] B. Widro w, J. McCo ol, and B. Medo�. Adaptiv con trol in erse mo deling. In Twelfth Asilomar Confer enc on Cir cuits, Systems, and Computers 1978. [111] B. Widro and F. W. Smith. attern-recognizing con trol systems. In Computer and Infor- mation Scienc es (COINS) Pr dings ashington, D.C., 1964. Spartan. [112] B. Widro and S. D. Stearns. daptive Signal Pr essing Pren tice-Hall, Inc., Englew Cli�s, N.J., 1985. [113] R. J. Williams. Reinforcemen learning in connectionist net orks: mathematical analysis. ec hnical Rep ort ICS 8605, Institute for Cognitiv Science, Univ ersit of California at San Diego, La Jolla, CA, 1986. [114] R. J. Williams. Reinforcemen t-learning connectionist systems. ec hnical Rep ort NU- CCS-87-3, College of Computer Science, Northeastern Univ ersit 360 Hun tington Av en ue, Boston, MA, 1987. [115] R. J. Williams. On the use of bac kpropagation in asso ciativ reinforcemen learning. In Pr dings of the IEEE International Confer enc on Neur al Networks San Diego, 1988. [116] I. H. Witten. An adaptiv optimal con troller for discrete-time Mark en vironmen ts. In- formation and Contr ol pages 286{295, 1977. 38 [87] O. Selfridge, R. S. Sutton, and A. G. Barto. raining and trac king in rob otics. In Pr dings of the Ninth International Joint Confer enc of rti�cial Intel ligenc Los Angeles, CA, August 1985. [88] J. Sklansky and G. N. assel. Pattern Classi�ers and ainable Machines Springer-V erlag, New ork, 1981. [89] S. A. Solla. Learning and generalization in la ered neural net orks: The con tiguit problem. In G. Dreyfus and L. ersonnoz, editors, Pr dings of the nEur o’88 Confer enc app ear. [90] V. Sriniv asan, A. G. Barto, and B. E. Ydstie. attern recognition and feedbac via parallel distributed pro cessing. In nnual Me eting of the AIChE ashington D. C., No em er 1988. Abstract to app ear. [91] C. Stan�ll and D. altz. ard memory-based reasoning. Communic ations of the CM 29:1213{1228, Decem er 1986. [92] R. S. Sutton. emp or al Cr dit Assignment in einfor ement arning PhD thesis, Univ er- sit of Massac usetts, Amherst, MA, 1984. [93] R. S. Sutton. Learning to predict the metho ds of temp oral di�erences. Machine arning 3:9{44, 1988. [94] R. S. Sutton and A. G. Barto. Time-deriv ativ mo dels of pa vlo vian conditioning. In M. Gabriel and J. W. Mo ore, editors, arning and Computational Neur oscienc The MIT Press, Cam bridge, MA. app ear. [95] R. S. Sutton and A. G. Barto. ard mo dern theory of adaptiv net orks: Exp ectation and prediction. Psycholo gic al eview 88:135{171, 1981. [96] R. S. Sutton and A. G. Barto. temp oral-di�erence mo del of classical conditioning. In Pr dings of the Ninth nnual Confer enc of the Co gnitive Scienc So ciety Seattle, A, 1987. [97] D. S. ouretzky BoltzCONS: Reconciling connectionism with the recursiv nature of stac ks and trees. In Pr dings of the Eighth nnual Confer enc of the Co gnitive Scienc So ciety Amherst, MA, 1986. [98] D. S. ouretzky and G. E. Hin ton. Sym ols among the neurons: Details of connection- ist inference arc hitecture. In Pr dings of the Ninth International Joint Confer enc on rti�cial Intel ligenc Los Angeles, CA, 1985. [99] M. L. Tsetlin. utomaton The ory and Mo deling of Biolo gic al Systems Academic Press, New ork, 1973. [100] M. D. altz and K. S. u. heuristic approac to reinforcmen learning con trol systems. IEEE ansactions on utomatic Contr ol 10:390{398, 1965. [101] C. J. C. H. atkins. arning fr om Delaye ewar ds PhD thesis, Cam bridge Univ ersit Cam bridge, England, 1989. ending. 37 [73] Munro. dual bac k-propagation sc heme for scalar rew ard learning. In Pr dings of the Ninth nnual Confer enc of the Co gnitive Scienc So ciety pages 165{176, Seattle, A, 1987. [74] K. Narendra and M. A. L. Thathac har. arning utomata: An Intr duction Pren tice Hall, Englew Cli�s, NJ, 1989. [75] K. S. Narendra and M. A. L. Thathac har. Learning automata|A surv ey IEEE ansactions on Systems, Man, and Cyb ernetics 4:323{334, 1974. [76] M. Niranjan and F. allside. Neural net orks and radial basis functions in classifying static sp eec patterns. ec hnical Rep ort CUED/F-INFENG/TR 22, Univ ersit Engineering Departmen t, Cam bridge, Cam bridge, CB2 1PZ, England, 1988. [77] D. B. ark er. Learning logic. ec hnical Rep ort TR-47, Massac usetts Institute of ec hnol- ogy 1985. [78] J. ollac k. Recursiv auto-asso ciativ memeory: Devising comp ositional distributed repre- sen tations. ec hnical Rep ort MCCS-88-124, Computing Researc Lab oratory New Mexico State Univ ersit Las Cruces, NM 88003, 1988. [79] D. Psaltis, A. Sideris, and A. A. amam ura. ultila ered neural net ork con troller. IEEE Contr ol Systems Magazine 8:17{21, April 1988. [80] M. H. Raib ert. mo del for sensorimotor con trol and learning. Biolo gic al Cyb ernetics 29:29{36, 1978. [81] F. Rosen blatt. Principles of Neur dynamics: Per eptr ons and the The ory of Br ain Me cha- nisms Spartan Bo oks, 6411 Chillum Place N.W., ashington, D.C., 1961. [82] R. Rosen ed and D. S. ouretzky surv ey of coarse-co ded sym ol memories. In D. ouret- sky G. Hin ton, and T. Sejno wski, editors, Pr dings of the 1988 Conne ctionist Mo dels Summer Scho ol Morgan Kaufmann Publishers, 2929 Campus Driv e, Suite 260, San Mateo, CA 94403, 1988. [83] D. E. Rumelhart, G. E. Hin ton, and R. J. Williams. Learning in ternal represen tations error propagation. In D. E. Rumelhart and J. L. McClelland, editors, Par al lel Distribute Pr essing: Explor ations in the Micr ostructur of Co gnition, vol.1: Foundations Bradford Bo oks/MIT Press, Cam bridge, MA, 1986. [84] A. L. Sam uel. Some studies in mac hine learning using the game of hec ers. IBM Journal on ese ar ch and Development pages 210{229, 1959. Reprin ted in E. A. eigen baum and J. eldman, editors, Computers and Thought McGra w-Hill, New ork, 1963. [85] A. L. Sam uel. Some studies in mac hine learning using the game of hec ers. I|Recen progress. IBM Journal on ese ar ch and Development pages 601{617, No em er 1967. [86] G. N. Saridis and H. D. Gilb ert. Self-Organizing approac to the sto hastic fuel regulator problem. IEEE ansactions on Systems, Man, and Cyb ernetics 6:186{191, 1970. 36 [59] A. Lap edes and R. arb er. Nonlinear signal pro cessing using neural net orks: Predic- tion and system mo delling. ec hnical Rep ort LA-UR-87-2662, The Los Alamos National Lab oratory Los Alamos, NM, 1987. [60] Y. le Cun. Une pro cedure d’appren tissage our reseau sequil assymetrique [A learning pro cedure for asymmetric threshold net ork]. Pr dings of Co gnitiva 85:599{604, 1985. [61] Y. le Cun. theoretical framew ork for bac k-propagation. In D. ouretsky G. Hin ton, and T. Sejno wski, editors, Pr dings of the 1988 Conne ctionist Mo dels Summer Scho ol Morgan Kaufmann Publishers, 2929 Campus Driv e, Suite 260, San Mateo, CA 94403, 1988. [62] L. Ljung and T. S� oderstrom. The ory and Pr actic of cursive Identi�c ation The MIT Press, Cam bridge, MA, 1983. [63] Mars. Neural nets and rob otic con trol. ec hnical Rep ort RIPRREP/1000/33/88, Sc ho ol of Engineering and Applied Science, Univ ersit of Durham, Durham DH1 3LE, UK, 1988. [64] J. M. Mendel and K. S. u. daptive, arning, and Pattern gnition Systems: The ory and Applic ations Academic Press, New ork, 1970. [65] J. M. Mendel and R. W. McLaren. Reinforcemen learning con trol and pattern recognition systems. In J. M. Mendel and K. S. u, editors, daptive, arning and Pattern gnition Systems: The ory and Applic ations pages 287{318. Academic Press, New ork, 1970. [66] D. Mic hie and R. A. Cham ers. BO XES: An exp erimen in adaptiv con trol. In E. Dale and D. Mic hie, editors, Machine Intel ligenc pages 137{152. Oliv er and Bo yd, 1968. [67] W. T. Miller. Sensor based con trol of rob otic manipulators using general learning algo- rithm. IEEE Journal of ob otics and utomation 3:157{165, 1987. [68] M. L. Minsky The ory of Neur al-A nalo einfor ement Systems and its Applic ation to the Br ain-Mo del Pr oblem PhD thesis, Princeton Univ ersit 1954. [69] M. L. Minsky Steps to ard arti�cial in telligence. Pr dings of the Institute of adio En- gine ers 49:8{30, 1961. Reprin ted in E. A. eigen baum and J. eldman, editors, Computers and Thought McGra w-Hill, New ork, 406{450, 1963. [70] M. L. Minsky and S. A. ap ert. Per eptr ons: an Intr duction to Computational Ge ometry The MIT Press, Cam bridge, MA, 1969. An expanded edition as published The MIT Press in 1988. [71] J. Mo dy and C. Dark en. Learning with lo calized receptiv �elds. In D. ouretsky G. Hin- ton, and T. Sejno wski, editors, Pr dings of the 1988 Conne ctionist Mo dels Summer Scho ol Morgan Kaufmann Publishers, 2929 Campus Driv e, Suite 260, San Mateo, CA 94403, 1988. [72] M. C. Mozer and Smolensky Sk eletonization: tec hnique for trimming the fat from net ork via relev ance assessmen t. In D. ouretzky editor, Pr dings of the IEEE Confer enc on Neur al Information Pr essing Systems Den er,CO, 1989. 35 [43] V. Hona ar and L. Uhr. net ork of neuron-lik units that learns to erceiv gener- ation as ell as rew eigh ting of its links. In D. ouretsky G. Hin ton, and T. Sejno wski, editors, Pr dings of the 1988 Conne ctionist Mo dels Summer Scho ol Morgan Kaufmann Publishers, 2929 Campus Driv e, Suite 260, San Mateo, CA 94403, 1988. [44] K. Hornik, M. Stinc hcom e, and H. White. Multi-la er feedforw ard net orks are univ ersal appro ximators. ec hnical rep ort, Departmen of Economics, Univ ersit of California, San Diego, CA, June 1988. [45] A. G. Iv akhnenk o. olynomial theory of complex systems. IEEE ansactions on Systems, Man, and Cyb ernetics 1:364{378, 1971. [46] M. I. Jordan. Sequen tial dep endencies and systems with excess degrees of freedom. ec hnical Rep ort 88-27, Univ ersit of Massac usetts, Amherst, MA, 1988. [47] M. I. Jordan and D. E. Rumelhart. Sup ervised learning with distal teac her. 1989. Sub- mitted to: Co gnitive Scienc [48] J. S. Judd. Complexit of connectionist learning with arious no de functions. ec hnical Rep ort 87-60, Univ ersit of Massac usetts, Amherst, MA, 1987. [49] J. S. Judd. Learning in net orks is hard. In Pr dings of the IEEE First nnual Confer- enc on Neur al Networks olume 2, pages 685{692, San Diego, CA, 1987. [50] J. S. Judd. On the complexit of loading shallo neural net orks. Journal of Complexity Septem er 1988. Sp ecial issue on Neural Computation, in press. [51] M. Ka ato. Computational sc hemes and neural net ork mo dels for formation and con trol of ultijoin arm tra jectory In T. Miller, R. S. Sutton, and J. erb os, editors, Neur al Networks for Contr ol The MIT Press, Cam bridge, MA. app ear. [52] M. Ka ato, K. uruk a, and R. Suzuki. hierarc hical neural-net ork mo del for con trol and learning of olun tary mo emen t. Biolo gic al Cyb ernetics 57:169{185, 1987. [53] M. Ka ato, Y. Uno, M. Isob e, and R. Suzuki. Hierarc hical neural-net ork mo del for ol- un tary mo emen with application to rob otics. IEEE Contr ol Systems Magazine 8:8{16, April 1988. [54] A. H. Klopf. Brain function and adaptiv systems|A heterostatic theory ec hnical Re- ort AF CRL-72-0164, Air orce Cam bridge Researc Lab oratories, Bedford, MA, 1972. summary app ears in Pr dings of the International Confer enc on Systems, Man, and Cyb ernetics 1974, IEEE Systems, Man, and Cyb ernetics So ciet Dallas, TX. [55] A. H. Klopf. The He donistic Neur on: The ory of Memory, arining, and Intel ligenc Hemishere, ashington, D.C., 1982. [56] A. H. Klopf. neuronal mo del of classical conditioning. Psychobiolo gy 16:85{125, 1988. [57] T. Kohonen. Asso ciative Memory: System The or etic Appr ach Springer, Berlin, 1977. [58] M. Kup erstein. Adaptiv visual-motor co ordination in ultijoin rob ots using parallel arc hi- tecture. In IEEE International Confer enc on ob otics and utomation pages 1595{1602, 1987. 34 [27] J. A. ranklin. Learning con trol in rob otic system. In Pr dings of the 1987 International Confer enc on Systems, Man, and Cyb ernetics pages 466{470, Octob er 1987. [28] J. A. ranklin. Re�nemen of rob ot motor skills using reinforcemen learning. In Pr dings of the 27th IEEE Confer enc on De cision and Contr ol pages 1096{1101, Decem er 1988. [29] K. S. u. Learning con trol systems|Review and outlo ok. IEEE ansactions on utomatic Contr ol pages 210{221, 1970. [30] B. R. Gaines and J. H. Andreae. learning mac hine in the con text of the general con trol problem. In Pr dings of the Thir IF Congr ess pages 14B.1{14B.8, London, 1966. Institute of Mec hanical Engineers. [31] S. I. Gallan t. Three constructiv algorithms for net ork learning. In Pr dings of the Eighth nnual Confer enc of the Co gnitive Scienc So ciety Amherst, MA, August 1986. [32] C. L. Giles and T. Maxw ell. Learning, in ariance, and generalization in higher-order net- orks. Applie Optics 26, Decem er 1987. [33] G. C. Go dwin and K. S. Sin. daptive Filtering Pr diction and Contr ol Pren tice-Hall, Inc., Englew Cli�s, N.J., 1984. [34] S. Grossb erg and M. Kup erstein. Neur al Dynamic of daptive Sensory-motor Contr ol: Bal listic Eye Movements Elsevier, Amsterdam, 1986. [35] V. Gullapalli. sto hastic algorithm for learning real-v alued functions via reinforcemen feedbac k. ec hnical Rep ort 88-91, Univ ersit of Massac usetts, Amherst, MA, 1988. [36] S. E. Hampson. Neur al Mo del of daptive Behavior PhD thesis, Univ ersit of California, Irvine, CA, 1983. [37] G. E. Hin ton. Distributed represen tations. ec hnical Rep ort CMU-CS-84-157, Departmen of Computer Science, Carnegie-Mellon Univ ersit Pittsburgh, a., 1984. [38] G. E. Hin ton. Learning distributed represen tations of concepts. In Pr dings of the Eighth nnual Confer enc of the Co gnitive Scienc So ciety Amherst, MA, 1986. [39] G. E. Hin ton. Connectionist learning pro cedures. ec hnical Rep ort CMU-CS-87-115, De- partmen of Computer Science, Carnegie-Mellon Univ ersit Pittsburgh, 15213, 1987. [40] G. E. Hin ton. Represen ting part-whole hierarc hies in connectionist net orks. In Pr dings of the Ninth nnual Confer enc of the Co gnitive Scienc So ciety Seattle, A, 1988. [41] G. E. Hin ton and J. A. Anderson, editors. Par al lel Mo dels of Asso ciative Memory Erlbaum, Hillsdale, NJ, 1981. [42] J. H. Holland. Escaping brittleness: The ossibilit of general-purp ose learning algorithms applied to rule-based systems. In R. S. Mic halski, J. G. Carb onell, and T. M. Mitc hell, edi- tors, Machine arning: rti�cial Intel ligenc Appr ach, olume II Morgan Kaufmann, Los Altos, CA, 1986. 33 [12] A. G. Barto and C. W. Anderson. Structural learning in connectionist systems. In Pr d- ings of the Seventh nnual Confer enc of the Co gnitive Scienc So ciety Irvine, CA, August 1985. [13] A. G. Barto and M. I. Jordan. Gradien follo wing without bac k-propagation in la ered net orks. In Pr dings of the IEEE First nnual Confer enc on Neur al Networks pages I629{I I636, San Diego, CA, 1987. [14] A. G. Barto, R. S. Sutton, and C. W. Anderson. Neuronlik elemen ts that can solv di�cult learning con trol problems. IEEE ansactions on Systems, Man, and Cyb ernetics 13:835{ 846, 1983. Reprin ted in J. A. Anderson and E. Rosenfeld, Neur omputing: oundations of ese ar ch The MIT Press, Cam bridge, MA, 1988. [15] A. G. Barto, R. S. Sutton, and S. Brou er. Asso ciativ searc net ork: reinforce- men learning asso ciativ memory IEEE ansactions on Systems, Man, and Cyb ernetics 40:201{211, 1981. [16] A. G. Barto, R. S. Sutton, and C. atkins. Prediction, con trol, and learning. In M. Gabriel and J. W. Mo ore, editors, arning and Computational Neur oscienc The MIT Press, Cam bridge, MA. app ear. [17] E. B. Baum and D. Haussler. What size net giv es alid generalization? Neur al Computation 1:151{160, 1989. [18] L. B. Bo ok er. Intel ligent Behavior as an daptation to the ask Envir onment PhD thesis, Univ ersit of Mic higan, Ann Arb or, MI, 1982. [19] A. E. Bryson, Jr. and Y. C. Ho. Applie Optimal Contr ol Blaisdel Publishing Co., 1969. [20] R. R. Bush and F. Mosteller. Sto chastic Mo dels for arning Wiley New ork, 1955. [21] J. S. Denk er, D. B. Sc artz, B. S. Wittner, S. A. Solla, R. E. Ho ard, L. D. Jac el, and J. J. Hop�eld. Automatic learning, rule extraction, and generalization. Complex Systems 1:877{922, 1987. [22] M. Derthic k. Mundane reasoning parallel constrain satisfaction. ec hnical Rep ort CMU- CS-88-182, Departmen of Computer Science, Carnegie-Mellon Univ ersit Pittsburgh, 15213, 1988. [23] R. O. Duda and E. Hart. Pattern Classi�c ation and Sc ene nalysis Wiley New ork, 1973. [24] W. K. Estes. ard statistical theory of learning. Psychololgic al eview 57:94{107, 1950. [25] B. G. arley and W. A. Clark. Sim ulation of slef-organizing systems digital computer. IRE ansactions on Information The ory PGIT-4, 1954. [26] J. A. eldman and D. H. Ballard. Connectionist mo dels and their prop erties. Co gnitive Scienc 6:205{254, 1982. 32 data stored. As in the case of con en tional computer memory ho this storage capacit is initialized dep ends on ho it is to used. Ho ev er, the connectionist approac pro vides generalized concept of memory that think will turn out to its most imp ortan con tribution to con trol engineering. Storing information in connection eigh ts generalizes the idea of inserting information in to memory lo cations, and on{line parameter estimation, whether used in sup ervised or reinforcemen learning mo des, generalizes the pro cess of memory storage. Because adaptiv connectionist net orks �t in the range et een structureless lo okup tables and highly constrained mo del{based parameter estimation, they seem ell{suited for the acquisition and storage of con trol information. These metho ds suggest ho new tec hniques for adaptiv con trol can dev elop ed whic tak full adv an tage of the ossibilities for fabricating asso ciativ memory systems ha ving high capacit high sp eed, and the abilit to usefully in terp olate and extrap olate in real time. References [1] M. A. Aizerman, E. M. Bra erman, and L. Rozono er. On the metho of oten tial functions. utomatika elemekhanika 26, 1964. [2] J. S. Albus. Mec hanisms of planning and problem solving in the brain. Mathematic al Bioscienc es 45:247{293, 1979. [3] C. W. Anderson. arning and Pr oblem Solving with Multilayer Conne ctionist Systems PhD thesis, Univ ersit of Massac usetts, Amherst, MA, 1986. [4] C. W. Anderson. Strategy learning with ultila er connectionist represen tations. In Pr o- dings of the ourth International Workshop on Machine arning pages 103{114, Irvine, CA, 1987. Morgan Kaufmann. [5] M. A. Arbib. Br ains, Machines, and Mathematics, Se ond Edition Springer-V erlag, New ork, 1987. [6] C. G. tk eson and D. J. Reink ensmey er. Using asso ciativ con ten t-addressable memories to con trol rob ots. In IEEE Confer enc on De cision and Contr ol 1988. [7] A. G. Barto. Learning statistical co op eration of self-in terested neuron-lik computing elemen ts. Human Neur obiolo gy 4:229{256, 1985. [8] A. G. Barto. Game-theoretic co op erativit in net orks of self-in terested units. In J. S. Denk er, editor, Neur al Networks for Computing pages 41{46. American Institute of Ph ysics, New ork, 1986. [9] A. G. Barto. An approac to learning con trol surfaces connectionist systems. In M. A. Arbib and A. R. Hanson, editors, Vision, Br ain and Co op er ative Computation MIT Press/Bradford Bo oks, Cam bridge, MA, 1987. [10] A. G. Barto. rom hemotaxis to co op erativit y: Abstract exercises in neuronal learning strategies. In R. Durbin, R. Maill, and G. Mitc hison, editors, The Computing Neur on Addison-W esley 1989. [11] A. G. Barto and Anandan. attern recognizing sto hastic learning automata. IEEE ansactions on Systems, Man, and Cyb ernetics 15:360{375, 1985. 31 curate mo dels. It mak es sense to tak adv an tage of this exploration to directly mo dify con trol rules via reinforcemen learning in order to obtain impro emen ts in erformance while mo del pa- rameters are eing adjusted. This strategy is lik ely to esp ecially useful in tasks in olving the optimization er time of nonlinear plan t’s erformance. Considerable time ma required to form su�cien tly accurate mo dels, and there can sensitiv dep endencies et een mo del and the con trol actions it implies. Moreo er, the range of assumptions made in the mo del{based approac ma not justi�ed to the degree necessary to obtain the desired re�nemen ts in erfor- mance. Adjusting the con trol rule direct app eal to the erformance measure, or consisten subgoal measure, can shorten the hain of assumptions on whic metho is dep enden t. Addi- tionally in some problems there ma not enough time to tak full adv an tage of an elab orate mo del, esp ecially if dynamic programming metho ds are required to generate con trol actions from it. Reasons suc as these, whic all in olv asp ects of the the usual tradeo�s et een the acqui- sition of kno wledge and its use for con trol, suggest that direct adjustmen of con trol la via reinforcemen learning can pla useful role in con trol, and that when com bined with adaptiv critic metho ds, it ma most useful for erfecting plan erformance with resp ect to complex erformance measures. 10 Conclusion By emphasizing the con tin uit of connectionist learning metho ds with those from more established traditions, ha highligh ted some of the signi�can features of connectionist researc while minimizing discussion of features that think will pro more trainsien t. ha not discussed all the learning metho ds that connectionists ha devised, fo cusing instead on those that seem immediately relev an to con trol. ha argued that the most distinctiv haracter of connectionist learning systems lies not so uc in their tec hnical sp eci�cations as in the metho dology with whic they are applied. Connectionists ha adopted an exp erimen tal approac more lik that of AI than of the engineering disciplines to whic h, tec hnically connectionist metho ds ha the closest ties. This exp erimen tal, heuristic approac is haracterized what termed represen tational freedom and willingness to plunge ahead when theoretical guaran tees are lac king. It is easy to criticise this free{wheeling nature of uc connectionist researc h, but theoretical guaran tees are often obtained at the cost of extremely restrictiv assumptions ab out tasks (e.g., the assumption that plan is linear and time{in arian t), whic are almost alw ys violated in practice. Certainly rigorous theory is imp ortan t, and alid criticism of an researc is that it pro ceeds in ignorance of relev an theoretical framew orks and previous researc h, but an exp erimen tal metho dology seems necessary for dev eloping con trol applications in olving complex nonlinear systems. Despite the asso ciation of connectionist metho ds with applications in olving eak assumptions ab out system structure, it is not appropriate to haracterize these metho ds as kno wledge{free, or tabula asa approac hes to learning. Net orks can applied with little regard for prior kno wledge (and often are), but they need not e. Indeed, as oin ted out in this rep ort, net orks pro vide umerous en ues for in tro ducing bias in to the learning pro cess on the basis of prior kno wledge. think it is more accurate to haracterize connectionist metho ds as sp ecial kinds of memory{in tensiv approac hes to computation sharing man of the haracteristics of memory{ based reasoning as discussed Stan�ll and altz 91 and illustrated in con trol application tk eson and Reink ensmey er ]. Net orks generally ha large um er of parameters compared with more traditional uses of parameter estimation tec hniques, and some net orks are basically lo okup tables that automatically pro vide in terp olation et een, and extrap olation ey ond, the 30 to use TD metho ds in conjunction with plan mo del (as is the case in Sam uel’s hec er pla er). Finally an to men tion another asp ect of TD metho ds that �nd esp ecially in teresting. In addition to pro viding metho ds for addressing credit assignmen problems with strong ties to large dy of mathematical theory TD metho ds pro vide go mo dels of wide range of animal eha vior in classical, or vlo vian, conditioning exp erimen ts. There are um er of conditioning mo dels using TD{t yp algorithms, including those of Sutton and Barto 95 and Klopf 56 ]. The more recen conditioning mo del of Sutton and Barto 94 96 ], called the TD mo del, most closely �ts in to the framew ork of dynamic programming. That this simple mo del accoun ts for wide range of animal conditioning eha vior suggests that the theoretical principles it em dies are relev an to natural as ell as syn thetic learning systems. 9.3 The Role of Reinforcemen Learning in Con trol Reinforcemen learning is ery general approac to learning that can applied when the kno wledge required to apply sup ervised learning is not ailable. The generalit of reinforcemen learning is obtained at the cost of e�ciency when compared to the more sp ecialized sup ervised metho ds when these metho ds ar applic able Consequen tly although any con trol task requiring learning can form ulated as problem of reinforcemen learning (where the ob jectiv is to maximize erformance measure), it is etter to use more sp ecialized metho ds whenev er ossible in order to tak full adv an tage of the ailable kno wledge. or example, if the erformance measure is an error based on kno wn targets, then reinforcemen learning metho can solv the same problem sup ervised metho ould solv e, but it ould do so without making use of the fact that the erformance measure has sp eci�c form; consequen tly it ould tak longer than more sp ecialized sup ervised metho d. or ev en small problems, these di�erences in e�ciency can ery signi�can t, as illustrated the sim ulations Barto and Jordan 13 in whic comparisons are made et een using reinforcemen learning and error bac k{propagation to train the hidden units of la ered net orks (whic is kind of con trol problem as oin ted out ab and illustrated in Figure 4). It is clear, then, that the use of reinforcemen learning is most easily justi�ed when there is gen uine lac of the kno wledge required for applying more sp ecialized learning metho ds. Ho ev er, it is alw ys ossible to approac these problems applying metho ds designed to acquire the requisite kno wledge, either efore or during the application of the metho ds that mak use of it. This approac is familiar from adaptiv con trol, where some metho ds implemen con trol la whose design is based on mo del under the assumption that the mo del pro vides complete and accurate haracterization of the plan eing con trolled. This approac also can applied to tasks requiring the attainmen of future goal while optimizing plan erformance er time: plan mo del can formed and then used as the basis for con en tional dynamic programming approac to optimal con trol; or erhaps kind of space/time mo del in the form of la ered net ork can obtained so that the appropriate con trol signals can computed \bac k{ propagating through time" (see Ka ato 51 ]; Widro w’s \truc bac er{up er" 106 also uses this approac h). Although these latter approac hes migh still view ed as instances of reinforcemen learning ecause they do not egin with kno wledge of momen t{to{momen target outputs for either the plan or con troller, they do not emplo the kind of direct on{line searc in con trol space that is usually asso ciated with reinforcemen learning. Is there role for these more direct reinforcemen learning metho ds in solving con trol problems? think these metho ds ha de�nite role ecause mo del{based metho ds are not necessarily e�ectiv with inaccurate mo dels, and exploratory eha vior is necessary anyway to ac hiev ac- 29 curr ent erformance to ev aluated if the ob jectiv concerns prop erties of futur tra jectories? Although the theory of optimal con trol concerns erformance criteria of this kind, optimal con trol tec hniques require an accurate plan mo del and either an enormous amoun of computation or su�cien mathematical tractabilit of the plan mo del and ob jectiv function to ermit analytical solution. An on{line adaptiv approac calls for sub go al erformanc me asur (e.g., Mendel and McLaren 65 ], Saridis and Gilb ert 86 ], and altz and 100 ]) that is consisten with the actual con trol ob jectiv but more easily accessible, where consistency means that the con trol ob jectiv can ac hiev ed the momen t{to{momen maximization of the subgoal erformance measure. The idea of critic, sp eci�cally the idea of an adaptive critic represen ts an adaptiv approac to optimal con trol means of an on{line pro cedure for learning subgoal erformance measure that is consisten with con trol ob jectiv es. The ersp ectiv most familiar to me comes from the early AI literature. Minsky 69 discusses the basic problem as one of cr dit assignment for reinforcemen learning systems. Ho do es one correctly assign credit or blame to an action when its consequences unfold er time and in teract with the consequences of other actions? Sam uel 84 85 describ ed program capable of learning ho to pla resp ectable game of hec ers that addressed this problem. Among the man learning metho ds used in the program as one that adjusted parameterized ev aluation function so that the alue it ga to curren oard osition came to re ect the utilit of oard ositions that ere lik ely to arise later in the game. Using this metho d, it as ossible to assign credit to mo es that ere instrumen tal in setting the stage for later mo es that directly captured opp onen pieces. In his PhD dissertation, Sutton 92 dev elop ed an algorithm, calling it the \Adaptiv Heuris- tic Critic" algorithm, that is closely related to Sam uel’s metho but extended, impro ed, and abstracted from the domain of game pla ying. This ork, whic egan with Sutton’s earlier in terest in classical conditioning and our exploration of Klopf ’s 54 55 idea of \generalized rein- forcemen t," led to the use of the algorithm in the reinforcemen learning ole balancer of Barto, Sutton, and Anderson 14 ], where it as incorp orated in to connectionist unit called the \Adap- tiv Critic Elemen t," or CE. This system as studied further Selfridge, Sutton, and Barto 87 ]. Anderson con tin ued to explore the metho d, com bining it with error bac k{propagation in order to learn nonlinear ev aluation functions. Since then, Sutton 93 has extended the theory and has pro ed um er of results for general class of algorithms he calls \T emp oral Di�er- ence," or TD, algorithms. Related credit assignmen metho ds ha een studied Gaines and Andreae 30 ], Holland 42 (the \buc et{brigade" algorithm), Bo ok er 18 ], and Hampson 36 ]. Witten 116 discussed similar metho in the con text of Mark decision problems. erb os 103 indep enden tly prop osed class of metho ds that includes TD{lik algorithms and related these algorithms to the framew ork of dynamic programming, calling them \heuristic dynamic programming" metho ds. similar connection as made recen tly atkins 101 ], who uses the term \incremen tal dynamic programming." The relationship et een TD algorithms and dynamic programming is extensiv ely discussed Barto, Sutton, and atkins 16 ]. This connection to dynamic programming pro vides an essen tial step in understanding TD algo- rithms and their relev ance to con trol. Computational metho ds for optimal con trol rely on dynamic programming to determine an optimal con trol rule determining an ideal subgoal erformance measure that encompasses all future consequences of con trol decisions. Ho ev er, con en tional dynamic programming requires an accurate mo del of the plan and is computationally in tensiv e. TD metho is an on{line parameter estimation metho that can used as comp onen of metho ds for estimating an ideal subgoal erformance measure while in teracting with the plan t. This estimation pro cess do es not require mo del of the plan t, although there are natural ys 28 automata. This theory originated in the So viet Union with the ork of Tsetlin 99 and the inde- enden researc in the est of mathematical psyc hologists (for example, Estes 24 and Bush and Mosteller 20 ]). It has een extensiv ely dev elop ed since then within engineering (Narendra and Thathac har 74 75 ]). class of reinforcemen learning algorithms kno wn as sto chastic le arning automata has een widely studied. These algorithms probabilistically select actions from coun t- able set of ossible actions and up date action probabilities on the basis of ev aluativ feedbac k. They are applicable when the ev aluation pro cess is sto hastic and the task is to maximize the ex- ected alue of the ev aluation receiv ed. Although sto hastic learning automata ha een studied mostly in nonasso ciative form, that is, where they searc for single optimal action, they can extended to learn mappings, suc as con trol rules, that asso ciate input patterns with actions. It is straigh tforw ard to com bine nonasso ciativ learning automata with lo okup{table represen tations of mappings. Eac table en try e�ectiv ely has its wn nonasso ciativ learning automaton whose job is to disco er|without eing told|what is est to store there, that is, what con trol action is est when that en try is accessed. This approac is illustrated the ole{balancing system of Barto, Sutton, and Anderson 14 and ranklin’s 27 28 metho for learning the feedforw ard comp onen of con trol signal to cancel unmo deled disturbances. Another to use learning automata to learn mappings is illustrated the SNAR (\Sto hastic Neural{Analog Reinforce- men Calculator") system of Minsky 68 ], whic used nonasso ciativ learning automaton to con trol the transmission probabilit of eac link in net ork. It is also ossible to com bine sto hastic learning automata with the framew ork of parame- ter estimation parameterizing mappings from pattern input to action probabilities. As these parameters are adjusted under the in uence of ev aluativ feedbac k, action probabilities are ad- justed to increase exp ected ev aluation. arley and Clark 25 exp erimen ted with suc metho taking the form of neuron{lik unit, and Barto, Sutton, and Brou er 15 studied related metho in the con text of asso ciativ memory net orks, follo wing the neural yp othesis of Klopf 54 55 that neurons are attempting to extremize ph ysiological quan tit Barto, Sutton, and Brou er 15 called their net ork an \Asso ciativ Searc Net ork" ecause it activ ely searc hed for the optimal output pattern to asso ciate with eac input pattern. Sutton 92 ], Anderson ], and Gullapalli 35 ha studied related metho ds and ha com bined sto hastic reinforcemen learning with the bac k{propagation metho d. Barto and Anandan 11 presen ted an algorithm of this yp e, called the asso ciative ewar d{p enalty or algorithm and pro ed con ergence theorem. The algorithm has een used as the basis for learning in la ered net orks (see refs. 10 12 13 ]), an approac analysed and extended Williams 113 114 ]. The algorithm is closely related to an earlier metho for parametric reinforcemen learning describ ed Widro w, Gupta, and Maitra 108 whic they called the \selectiv otstrap algo- rithm." 9.2 Critics no turn to the problem of constructing critic capable of ev aluating plan erformance in that is oth appropriate to the actual con trol ob jectiv and informativ enough to allo e�cien learning. If the ob jectiv is relativ ely straigh tforw ard, suc as main taining plan output near reference lev el, then it is not di�cult to pro vide useful erformance feedbac con tin uously er time in the form of error signals, and it ould not necessary to resort to reinforcemen learning. On the other hand, if the ob jectiv is to ac hiev terminal state with desired prop erties, or tra jectory that maximizes measure of pro cess yield, e�ciency etc., then the problem of pro viding useful erformance information con tin uously er time is uc more di�cult. Ho is 27 9.1 Impro ving erformance If one assumes that the critic is capable of pro viding an immediate ev aluation of plan erformance that is appropriate to the actual con trol ob jectiv e, then it is necessary to determine the gradien of the critic’s ev aluation as function of con trol signals. One approac is to adapt the metho \Di�eren tiating Mo del" describ ed ab (Figure 9). The idea is to learn mo del|in form that can di�eren tiated easily suc as la ered net ork|of the pro cess whic con trol signals lead to ev aluations. Referring to Figure 10, this ould mo del of the plan together with the critic. Then, the gradien of ev aluation as function of the con troller’s actions can estimated di�eren tiating the output of this mo del with resp ect to its input, for example, bac kpropagating through the net ork represen ting it, th us pro ducing the information required to adjust the con trol rule. This approac to reinforcemen learning has een suggested erb os 104 105 ], and the case where there is critic but no explicit plan mo del has een studied Munro 73 and Williams 115 ]. more direct approac to adjusting con trol actions in order to impro plan erformance is to activ ely explore the space of con troller outputs mo difying con trol actions and observing ho the erformance ev aluation hanges as result. Bene�cial hanges in con trol actions are incorp orated in to the con trol rule. Learning in this is related to the trial{and{error learning studied psyc hologists in whic eha vior is selected according to its consequences in pro ducing reinforcemen t|hence the term reinforcemen learning. Activ exploration is necessary when the ev aluation signal is ailable but not its gradien as function of con trol actions. In sup ervised learning, the appropriate gradien is directly ailable (at least for eac training example) ecause the erformance measure has kno wn form (e.g., mean{square error) whose gradien can precomputed and expressed in terms of target resp onses. Similarly the metho for reinforcemen learning describ ed ab e, where mo del of the ev aluation pro cess is constructed, pro vides means for directly pro viding gradien estimates without the need for activ exploration, except for the exploration needed to construct the mo del. Direct metho ds for reinforcemen learning, on other hand, erform gradien ascen (or descen t) on an ev aluation surface whose alues (usually scalars) are directly ailable to the learning system as ev aluation signals, but whose gradien as function of con trol actions is not. This gradien has to estimated comparing the ev aluations obtained during exploration and relating these hanges to the actions tak en, or to the action hanges made, during exploration. One of understanding the distinction et een gradien descen on the basis of receiving ev aluation signals instead of gradien ectors is to con template the di�erence et een the sign of scalar ev aluation signal and the sign of an error signal. negativ error means that the scalar action as to high (assuming error target actual ), whereas the sign of negativ ev aluation in trinsically means nothing (p erhaps 10 is the est ev aluation ossible). One signal is deriv ativ with resp ect to an action; the other is not. Confusing this view, ho ev er, is the situation that arises when erformance is ev aluated with resp ect to some erformance standard. In this case, negativ ev aluation ma mean that system erformance is not as go as could exp ected based on past exp erience with similar situations. In this case, the signal is kind of deriv ativ e, but it is not deriv ativ with resp ect to actions, and its eing negativ do es not in itself indicate ho the action should altered (indeed, the action will generally ector). single ev aluation of an action do es not con tain information ab out ho to ene�cially hange that action. There are, ho ev er, man ys to estimate the required gradien information on the basis of ev aluation signals, eac of whic pro duces di�eren yp of reinforcemen learning algorithm. direct approac to reinforcemen learning that is highly dev elop ed is the theory of learning 26 Figure 10: reinforcemen learning con trol system. discuss this approac to con trol. Whereas the erformance measure for sup ervised system is de�ned in terms of set of targets means of kno wn error criterion (e.g., mean{square error), reinforcemen learning addresses the problem of impro ving erformance as ev aluated any measure whose alues can supplied to the learning system. Consequen tly in tasks of this kind there exist desired con trol signals|namely those that lead to optimal plan erformance| but the learning system is not told what they are ecause there is no agency kno wledgeable enough to act as this kind of teac her. The problem is to �nd these optimal con trol signals, not simply to remem er and generalize from them. View ed this reinforcemen learning in olv es man of the issues discussed ab in olv ed in obtaining the training information required for sup ervised learning when it is not directly ailable (Figure 3). In the case of reinforcemen learning, ho ev er, the situation is more general than that sho wn in Figure in that instead of trying to determine target con troller outputs from target plan resp onses, one trys to determine target con troller outputs, or desired hanges in con troller outputs, that ould lead to increases in measure of plan erformance|a measure not necessarily de�ned in terms of target plan resp onses. This is illustrated in Figure 10 whic sho ws reinforcemen learning con troller in teracting with plan and receiving an \ev aluation signal" generated \critic" capable of ev aluating plan erformance. Reinforcemen learning essen tially in olv es problems. The �rst problem is to construct critic capable of ev aluating plan erformance in that is oth appropriate to the actual con trol ob jectiv and informativ enough to allo learning. The second problem is to determine ho to alter con troller outputs to impro erformance as measured the critic. Assuming the �rst problem is solv ed|a highly non trivial assumption|the second problem, discussed next, is relativ ely straigh tforw ard giv en what has already een said ab out obtaining training information for sup ervised learning. 25 Figure 9: Bac kpropagating through forw ard mo del of the plan to determine con troller errors. principle that can exploited in other ys in con trol problems. This principle is to ho ose the class of mo dels for system iden ti�cation partly on the basis of the existence of sp ecialized tec hniques applicable to the mo dels in the class. or example, in con en tional approac hes to adaptiv con trol, class of mo dels is selected suc that tec hniques for con troller syn thesis can applied to an system represen table within the class (i.e., time{in arian linear systems). When mo del is sp eci�ed the parameter estimation pro cess, one can design con troller under the assumption that this mo del is an accurate mo del of the plan t. In the same determining plan mo del in the form of la ered net ork with di�eren tiable squashing functions allo ws one to apply the bac k{propagation pro cess to estimate ho inputs to the plan should altered to hange the plan t’s output in desired ys. Le Cun 61 has oin ted out that the bac k{propagation metho can deriv ed using La- grangian form ulation lik the one used in optimal con trol. It turns out that algorithms similar to bac k{propagation are used in optimal con trol|although not for adjusting the parameters of system mo del. It is in teresting that the metho describ ed here for using bac k{propagation to di�eren tiate mo del for con trol purp oses is more closely related to optimal con trol metho ds than is its application to parameter estimation for system iden ti�cation (see, for example, Bryson and Ho 19 ]). Reinforcemen Learning The preceding section fo cuses on ho the training information required for sup ervised learning can obtained in tasks relev an to con trol. It is clear that there are man ossibilities. Ho ev er, some learning tasks arising in con trol require metho ds that are not accurately haracterized as sup ervised learning metho ds. Supp ose one wishes to adjust con trol rule in order to impro the erformance of plan as measured erformance measure that in some ev aluates the erall eha vior of the plan t; for example, one migh wish to maximize measure of the plan t’s energy e�ciency er time. Optimal con trol metho ds apply if there are mo dels of the plan and erformance measure that are su�cien tly accurate and tractable. Ho ev er, in less structured situations it ma ossible to impro plan erformance er time means of on{line learning metho ds erforming what call einfor ement le arning after Mendel and McLaren 65 ], who 24 Figure 8: Using connectionist net ork for iden tifying system in erse. is used to iden tify the plan as sho wn ab in Figure (the training signals for this iden ti�cation stage are not sho wn in Figure 9), resulting in forw ard mo del of the plan in the form of la ered net ork. The utilit of forw ard mo del ha ving this form is that one can e�cien tly compute the deriv ativ of the mo del’s output with resp ect to its input means of the bac k{propagation pro cess, whic as Jordan 46 oin ts out, ev aluates the transp ose of the net ork Jacobian at the net ork’s curren input ector. Consequen tly propagating errors et een actual and desired plan outputs bac through the forw ard mo del pro duces the error in the con trol signal, whic can used to train another net ork, or other kind of sup ervised learning system, to con troller. In Figure this bac k{propagation pro cess is illustrated the dashed line passing bac through the forw ard mo del and con tin uing bac through second la ered net ork that uses it to learn con trol rule. As Jordan 46 oin ts out, this metho has adv an tages er the direct iden ti�cation of plan in erse when plan in erse is not ell{de�ned. Of course, to apply this basic idea one only needs mo del in form that can di�eren tiated; it need not la ered net ork. Ho ev er, using la ered net ork that can trained bac k{propagation is nice idea ecause the bac k{propagation mec hanism can used oth to adjust the net ork’s parameters and to di�eren tiate the resulting mo del. 10 This metho for obtaining training information for an adaptiv con troller illustrates general 10 Note, ho ev er, that the error whic is bac k{propagated di�ers in the parameter{adjustmen and mo del{ di�eren tiation stages. In the �rst case, it is the di�erence et een the net ork output and the plan output; whereas in the second case, it is the di�erence et een the plan output (or the net ork output if the net ork is ell{trained) and the desired plan output. 23 Figure 7: Using connectionist net ork for system iden ti�cation. to the net ork is the output of the plan t, and the target output of the net ork is the plan input. If the net ork can trained to matc these targets, it will implemen mapping that is plan in erse. Once one has suc an in erse, it can used for con trol purp oses as sho wn in Figure 8, anel B. The desired plan output is pro vided as input to the net ork; the resulting net ork output is then used as input to the plan t. If the net ork is plan in erse, then this plan input causes this desired plan output (ob viously this simple description erlo oks man subleties of real con trol problem). Widro w, McCo ol, and Medo� 110 prop osed this metho for the adaptiv con trol of linear systems (also see Widro 107 and Widro and Stearns 112 ]), and it can applied to the con trol of nonlinear systems as illustrated Psaltis, Sideris, and amam ura 79 and Sriniv asan, Barto, and Ydstie 90 ], who use bac k{propagation to iden tify nonlinear plan in erse. This basic metho has also een used in mo dels of motor con trol and rob ot con trol systems for learning in erse kinematics (e.g., Grossb erg and Kup erstein 34 ], Kup erstein 58 ]) and in erse dynamics (e.g., Ka ato, uruk a, and Suzuki 52 ], Ka ato, Uno, Isob and Suzuki 53 ], and Miller 67 ]). The metho of Ka ato et al. 52 ], whic they call feedbac k{error learning, di�ers from the sc heme sho wn in Figure in that the input to the net ork is the desir plan output instead of its actual output, and feedbac con troller is used during training. ma jor problem with in erse iden ti�cation arises when man plan inputs pro duce the same output, i.e., when the plan t’s in erse is not ell{de�ned. In this case, the net ork will attempt to map the same net ork input to man di�eren target resp onses. Most parameter{estimation metho ds tend to erage er the arious targets and thereb pro duce mapping that is not necessarily an in erse (as oin ted out Jordan 46 ]). Nev ertheless, the use of nonlinear net orks for iden tifying nonlinear plan in erses is promising en ue for future researc ecause an in erse mo del of nonlinear plan t, unlik forw ard mo del, has immediate utilit for con trol. Di�er entiating Mo del |This metho for training con troller relies more on bac k{propagation than on general net ork metho ds, but it is of using net orks that ma ha promise for adaptiv con trol. This tec hnique as describ ed erb os 104 105 and Jordan and Rumelhart 47 ], and arian ts of it ha een applied to problems in motor con trol Jordan 46 ], Ka ato 51 ], and Widro 106 ]. The metho is illustrated in Figure 9. The bac k{propagation algorithm 22 Figure 6: Using connectionist net ork for adaptiv prediction. System Identi�c ation |T raining information can obtained observing the input{output e- ha vior of plan t, as suggested in Figure 7, where the net ork receiv es the same input as the plan t, and the plan output is the target net ork output. The �gure sho ws only the case where the mo del is mapping from plan inputs to outputs, but more complex yp es of mo dels are commonly emplo ed. or example, the input to the mo del ma consist of arious dela ed alues of plan inputs (so that adaptiv prediction as discussed ab is sp ecial case of system iden ti�- cation), and the mo del ma recursiv mo del (see, for example, Go dwin and Sin 33 ], Ljung and S� oderstrom, 62 ], Widro and Stearns 112 ]). System iden ti�cation is an essen tial part of some metho ds for adaptiv con trol. In one approac to adaptiv con trol, one selects class of mo dels for iden ti�cation purp oses suc that eac mo del in the class is system for whic one can design an e�ectiv con troller using pro en design metho ds for kno wn plan ts. One can therefore express con trol la in terms of the parameter estimates pro duced the system iden ti�cation pro cedure. This will an e�ectiv con trol la if the plan can adequately mo deled within the assumed class of mo dels. Complexities exist that ha een studied extensiv ely adaptiv con trol theorists, some arising when the con trol la is adjusted on{line at the same time the mo del parameters are eing adjusted. Using nonlinear connectionist net ork instead of more con en tional system iden ti�cation pro cedure do es not immediately extend the applicabilit of adaptiv con trol to the systems that nonlinear net orks are able to iden tify That system can iden ti�ed do es not imply that it can con trolled. It ould necessary to ha con troller design tec hniques that apply to the classes of nonlinear systems iden ti�able net orks. It ma ossible to dev elop con trol theory in this direction, but ecause net orks can represen essen tially any system, there is no comp elling reason to hop that the in cation of connectionist ideas is lik ely itself, to shed an ligh on the theory of nonlinear con trol. Ho ev er, the metho describ elo under the heading of \Di�eren tiating Mo del" do es illustrate the utilit of ha ving mo del of nonlinear plan in the form of net ork, but this mo del is used di�eren tly than mo dels are used in the adaptiv con trol metho ds just describ ed. Identi�c ation of System Inverse |Figure 8, anel A, sho ws ho an adaptiv net ork can used to iden tify the in erse of plan t. In con trast to the situation sho wn in Figure 7, here the input 21 Figure 5: Cop ying an existing con troller with connectionist net ork. of represen tation of the system state that is easier to measure than the represen tation required the existing con troller (Widro and Smith 111 ]). daptive Pr diction |Figure illustrates the basic idea in training net ork to predictor. Assume that the lines across the top of the �gure carry signals whose alues one wishes to predict. or simplicit also assume that these same signals pro vide the information from whic the predictions will made. or training purp oses, the input to the net ork consists of dela ed alues of the signals, and the target output consists of the curren alues of the signals. The net ork therefore tries to matc the curren signal alues adjusting function of their past alues. Then when the input to the net ork ypasses the dela units, the output of the net ork is prediction of the alues the signals will ha in the future. Assuming eac dela unit sho wn in Figure dela ys its input for time steps, and that the net ork requires negligible amoun of time to compute its output from its input, then the trained net ork pro vides estimates for the alues of the signals steps in the future. This approac to adaptiv prediction rests on the assumption of parameterized class of mo dels for the functional relationship et een the curren and past alues of the signals and their later alues, or equiv alen tly et een earlier alues of the signals and their curren alues. parameter estimation metho is applied with training information supplied observ ations of the signal alues er time. The sc heme illustrated in Figure is only the simplest sp ecial case of more general prediction sc hemes where cascades of dela units (tapp ed dela lines) are used to pro vide input to the mo del, or where recursiv e, or auto{regressiv e, mo dels are used in whic past alues of mo del outputs form part of the input (see, for example, Go dwin and Sin 33 ], Widro and Stearns 112 ]). Lap edes and arb er 59 pro vide an example of nonlinear connectionist prediction. 20 Figure 4: The problem of training hidden units in net ork is similar to the problem of training con troller: arget outputs are not directly ailable for hidden unit. i.e., the ortion of the net ork that determines ho the activit of the giv en hidden unit in uences the output units, is analogous to the plan in Figure 3. The problem of determining target resp onses for the hidden units is therefore analogous to the problem of training con troller on the basis of target plan eha vior, and metho ds that apply in one case, suc as bac k{propagation and reinforcemen learning, also apply to the other (see refs. 12 13 ]). In the remainder of this section, describ in highly sc hematic form the basic ys in whic the kind of training information required for sup ervised learning can obtained in tasks relev an to con trol. In the section \Reinforcemen Learning," discuss metho ds that do not require training signals as informativ as those required sup ervised learning metho ds. No attempt is made to describ in detail the yp es of plan ts and con trol problems with whic con trol theorists are concerned, nor is justice done to the highly dev elop ed metho ds that exist for prediction, system iden ti�cation, and adaptiv con trol. Thinking of the plan simply as an input{output mapping and the con troller as feedforw ard con troller su�ces for most of the observ ations mak e, but these observ ations, suitably mo di�ed, also apply to more complex yp es of plan ts and can in tegrated with feedbac con trol metho ds. It is not in ten tion to suggest that connectionist net orks are suitable only for feedforw ard con trol, or that net orks ust used in the absence of more con en tional feedbac con trol lo ops. Copying an Existing Contr ol ler |If there exists con troller capable of con trolling the plan t, then the information required to train connectionist net ork can obtained from this con troller as sho wn in Figure 5. The target net ork output for giv en input is the output of the existing con troller for that input. The net ork learns to cop the existing con troller. Widro and Smith 111 applied this metho to ersion of the ole{balancing problem, and Widro refers to this as metho for constructing an exp ert system acquiring kno wledge from an existing exp ert. One migh question the utilit of this metho on the grounds that if there already exists an e�ectiv con troller, wh ould it useful to ha another one in the form of net ork? Tw answ ers are apparen t: �rst, the existing con troller ma device that is impractical to use (suc as erson); second, the adaptiv net ork ma able to form an e�ectiv con trol rule on the basis 19 Figure 3: The problem of obtaining training information in con trol problem: ar- get plan outputs ma kno wn but not the con trol signals that pro duce them. it is appropriate to ev aluate net ork erformance as memory storage or as mo del{based rule iden ti�cation. This exp osure of connectionist applications to oth sets of criteria accoun ts to some degree for the con tro ersial nature of connectionist metho ds. Ho ev er, eliev that one of the strengths of connectionist applications of parameter estimation is that they do, in fact, freely range er this am biguous region of the memory/mo del con tin uum. Suitably designed adaptiv net orks can ac hiev balance et een the relev an tradeo�s that is not ossible for metho ds at either extreme of this con tin uum. Where Do es the raining Information Come rom? The parameter estimation metho ds that ha discussed all require training pro cedure in whic desired, or target, outputs of the decision rule, mo del, etc. are ailable for su�cien tly aried set of cases; that is, they are metho ds for sup ervised learning. Where do es this training information come from? Figure outlines the general problem. Supp ose one an ts connectionist net ork to learn to con trol plan that is to complex, or ab out whic to little is kno wn, to ermit the use of con en tional tec hniques for designing con trollers. In ypical con trol problem, one ma ha target plan outputs but not target net ork outputs, whic in Figure are the con trol signals. Ho can training signals pro vided to the net ork unless some agency already kno ws great deal ab out ho to con trol the plan t? Notice that di�cult analogous to this is presen in the task of training the hidden units of la ered net ork when target resp onses are kno wn only for the visible units (Figure 4). or an hidden unit, the ortion of the net ork in terp osed et een that hidden unit and the output units, Figure and those that follo sho la ered net orks, but these should in terpreted merely as icons repre- sen ting an metho for learning complex functions via sup ervised learning, including the storing of instances in lo okup table. 18 Finally it is imp ortan not to erlo ok the fact that just represen ting mo dels in the form of net orks of in terconnected comp onen ts o�ers some ossibilities for in tro ducing bias that are absen in some other classes of mo dels. Kno wledge of the problem domain ma dictate that certain ariables should in uence certain other ariables, and that connections et een other ariables should absen t. In other ords, selecting the arc hitecture of net ork can go to sp ecify class of mo dels if the selection is based on some understanding of the relationship to learned. Hin ton’s 38 family tree net ork is go example of an application of bac k{ propagation to judiciously designed la ered net ork that gen uinely extracts structure from the training pro cess. The ey oin is that suc rule extraction is not an automatic consequence of applying connectionist net ork; it is rather consequence of in tro ducing the righ kind of bias in to the net ork on the basis of priori kno wledge. Consequen tly one of the attractiv features of the connectionist approac to nonlinear parameter estimation is that it facilitates the in tro duction of certain kinds of bias. Memory ersus Mo dels suggested ab that the idea of an asso ciativ memory net ork pro vides ersp ectiv on parameter estimation that is distinct con tribution of the connectionist approac h. Giv en the discussion ab of represen tations, nonlinear mo dels, and parametric{v ersus{structural learning, it is ossible to commen more concretely on the relationship et een parameter estimation for forming mo dels, or rules, and for implemen ting memory structures. It as oin ted out in the section \Represen tation" that lo okup table, whic erhaps is the protot yp memory structure, can view ed as sp ecial case of parameter estimation applied to linear mo del with particular expansiv represen tation (Equation 9). The parameters are the con ten ts of the memory lo cations, and the estimation pro cess just amoun ts to storing information in sp eci�c lo cations. In the simplest case of noise{free training data, the learning rate, or gain, of the estimation metho can set so as to accomplish one{trial learning ecause there is nev er an in terference et een the stored items. Admittedly this is trivial example of parameter estimation, but it is parameter estimation nonetheless. Ho ev er, in this case, it is not appropriate to regard the estimation pro cess as iden tifying system or rule. The parameterized class of mo dels is so general{purp ose that it do es not bias the inductiv pro cess at all, and no generalization ccurs. Moreo er, assuming noise{free data, the one{to{one relationship et een the data used to determine the \mo del" and the parameters is clear: eac ossible input pattern has to seen once to store the en tire function. The oin is not that the parameter estimation framew ork pro vides new insigh ab out lo okup tables, but rather that lo okup tables represen one extreme of con tin uum of ossible applications of parameter estimation|the other endp oin eing the estimation of the relativ ely few parameters sp ecifying mo del with high degree of sp ecialized structure. One extreme is clearly haracterized as pure memory storage; the other as mo del{based rule iden ti�cation. The criteria for ev aluating the theoretical soundness of applications of parameter estimation are mark edly di�eren for the ends of this con tin uum: In the case of pure memory the relationship et een data and parameters is relativ ely simple, and \learning" should fast; in the case of mo del{based rule iden ti�cation, on the other hand, slo er learning is acceptable, but the utilit of extrap olation and in terp olation critically dep ends on the bias in the class of mo dels and the degree to whic parameter alues are constrained the training data. Because connectionist uses of parameter estimation range er this en tire sp ectrum from memory{based to mo del{based applications| with the most con tro ersial applications falling in the in termediate range|it is not clear whether 17 generalization requires that either the um er of training examples is man times larger than the um er of parameters, or the class of parameterized mo dels is already matc hed in some to the generation rule. There is trade{o� et een the generalit of class of mo dels and the adequacy of the kind of generalization it will pro duce. This has een analysed in terms of the en trop of class of mo dels Denk er et al. 21 and Solla 89 ]. called this the generalit y/generalization tradeo� ]: It is ause of represen tational restrictions built in to class of mo dels that correct generalization can ccur if the class of mo dels happ ens to appropriate to task. the exten that class of mo dels can represen an structure, it cannot exp ected to pro duce meaningful extrap olations ey ond the data on whic it is trained. Arti�cial in telligence researc hers studying mac hine learning sp eak of the represen tational bias of an induction tec hnique. One do es not exp ect an un biased form of represen tation to pro duce meaningful generalizations. This is the reason that using parameter estimation for ery general classes of mo dels, that is, classes of mo dels lac king high degree of bias, is more closely related to storing information in to memory structure than it is to iden tifying the structure of the pro cess generating the data. That the class of la ered net orks trained bac k{propagation is \univ ersally appro ximating" class is not, in itself, particularly useful prop ert Although ev en large connectionist net orks are not without bias, additional bias can in- tro duced in to connectionist learning metho in sev eral ys in order to facilitate the appropriate kind of extrap olation. In addition to in tro ducing bias the hoice of the functions, one can enforce constrain ts among the parameter alues. or example, one can restrict parameter hanges so that eac mo del estimate has certain symmetries, suc as translational in ariance. Numerous connectionist researc hers ha illustrated the utilit of this metho of biasing learning (see, for example, Denk er et al. 21 ], Giles and Maxw ell 32 ], Rumelhart, Hin ton, and Williams 83 ], and Solla 89 ]). Another metho is to alter the erformance criterion adding conditions other than measure of mo del error on the training instances, oin made Sanderson in the orkshop discussion. Rumelhart (in preparation), for example, has exp erimen ted with bac k{propagation with additional conditions designed to force net ork to fa or represen tations utilizing few units. This is metho for in tro ducing form of bias while attempting to main tain represen tational univ ersalit related metho as presen ted Mozer and Smolensky 72 in whic net orks are pruned through the use of relev ance measure. Other metho ds for con trolling the bias of net ork learning in olv \dev elopmen tal" approac in whic small, and thereb highly biased, net ork is trained to some criterion, its eigh ts are frozen, and it is then em edded in to larger net ork as training con tin ues (e.g., Gallan 31 ], Hona ar and Uhr 43 ]). This pro cess con tin ues un til desired lev el of erformance is ac hiev ed. Incremen tally expanding the net ork during learning in this manner ma result in prop erties analogous to those obtained represen ting function as linear com bination of orthogonal functions as in ourier analysis: The expansion can con tin ued as far as necessary and the most accurate simple mo dels form parts of more complex mo dels (of course, there remains the question of ho to bias eac stage of the dev elopmen tal pro cess). Baum and Haussler 17 pro vide theoretical analysis of the relationship et een the um er of eigh ts, the um er of training examples, and the accuracy of generalization for la ered net orks of linear threshold units. Bac k-propagation exp erts emphasize that the um er of degrees of freedom in net ork do es not necessarily equal the um er of adjustable eigh ts. or example, net ork with input lines and output lines, consisting of linear units (i.e., no squashing functions) has mn degrees of freedom no matter ho man adjustable eigh ts there are. This is true ecause an suc net ork is equiv alen to one{la er net ork with mn eigh ts. Something analogous to this can happ en in nonlinear net orks. 16 is generating so uc activit is that it has made it acceptable, at least among its adheren ts, to think ab out applying certain kinds of metho ds to wider classes of problems than is acceptable according to engineering ortho do xy Ho ev er, the negativ side of this is that there are, in fact, go reasons|theoretical and practical|for the more circumsp ect nature of ortho do engineering metho dology and connectionists need to are of these reasons. arametric and Structural Learning The parameter estimation metho ds discussed ab ha een called ar ametric le arning metho ds. They are based on assuming that the desired mo del is mem er of sp eci�c parameterized class of mo dels. The term structur al le arning refers to the pro cess of determining what class of mo dels is appropriate for particular set of applications. In applying error bac k{propagation, for example, structural learning in olv es ho man la ers, ho man hidden units, and what kinds of constrain ts should used for particular problem. In practice, the researc her tends to an essen tial part of the structural{learning lo op as he or she exp erimen tally searc hes for net ork ha ving enough, but not to man hidden units and the righ kinds of constrain ts among the eigh ts. More generally the structural{learning lo op ould address the question of whether or not to use net ork at all. It is tempting to regard structural learning as sp ecial case of parametric learning. This is view Anderson and to ok in 1985 pap er 12 ]: Since one can alw ys regard structures as eing parameterized, so that adjusting structures amoun ts to adjusting more parameters, this distinction [b et een parametric and structural learning] is not completely straigh tforw ard. Ho ev er, what mean structural learning generally in olv es space of parameters that is so large, and erformance ev aluation surface that is so complex, that the usual algorithms for parametric adaptation do not ork....One can view the adjustmen of connection eigh in complex net ork as structural adjustmen since it a�ects the roles of other eigh ts in generating net ork eha vior (Barto and Anderson 12 ]). It is indeed true that class of mo dels with ery large um er of parameters can include within it man di�eren kinds of structures. Ho ev er, estimating suc large um er of parameters do es not automatically qualify as structural learning tec hnique ecause there is no guaran tee that structure that is est in an sense, or ev en go d, will selected the parameter estimation pro cess, nor that generalization, i.e., extrap olation to no el instances, will e�ectiv e. Adjusting parameters to maximize erformance criterion de�ned only in terms of matc hing the training data has no automatic implications for selecting suitable structures. There are sev eral approac hes that address these shortcomings whic men tion elo w, but for the momen consider using an unadorned parameter estimation metho to estimate large um er of parameters from training examples, suc as error bac k{propagation applied to large net ork. The problem has recen tly een discussed Denk er et al. 21 ], Solla 89 ], and Baum and Haussler 17 ], and is classical one in pattern classi�cation. Duda and Hart 23 state it succinctly as follo ws: \In general, reliable in terp olation or extrap olation cannot obtained unless the solution is erdetermined." As the um er of parameters increases, the amoun of data necessary to reliably estimate them increases. Small mean{square error on the training set do es not imply that generalization will successful. This is exactly analogous to what one observ es in some applications of bac k{propagation, as oin ted out Denk er et al. 21 ]. cannot sa that the metho necessarily disco ers the \rule" whic the data set as generated. Reliable 15 no matter what �xed represen tation is used. Nonlinear mo dels, on the other hand, can generate error surfaces with man lo cal minima so that the �nal parameter estimates strongly dep end on initial estimates and the agaries of training exp eriences. Despite these complexities, whic mak it imp ossible to pro global con ergence results analogous to those existing for linear mo dels, the on{line estimation of parameters for nonlinear mo dels is eing tak en up connectionists with great en th usiasm. Largely resp onsible for this en th usiasm is the bac k{propagation algorithm indep enden tly de- elop ed le Cun 60 ], ark er 77 ], Rumelhart, Hin ton, and Williams 83 ], and erb os 102 ]. This algorithm is based on the class of nonlinear mo dels consisting of la ered net orks of units that apply di�eren tiable nonlinear \squashing function" to the eigh ted sum of their inputs. Due to the la ered structure of these net orks, this class of mo dels consists of functions that can constructed recursiv ely comp osing \squashed" eigh ted sums with other comp ositions of squashed eigh ted sums, etc. Extending gradien t{descen analysis to this class of mo dels yields the parameter estimation metho kno wn as error bac k{propagation. Exactly what adv an tages this class of mo dels has er others is not et clear, but um er of attractiv prop erties are eviden t. First, ecause suc mo dels corresp ond to net orks, it is clearly feasible to construct fast, parallel devices to implemen these mo dels for real{time applications. Second, the gradien calculations required to up date parameter estimates can executed e�- cien tly via the recursiv bac k{propagation metho d, whic can itself implemen ted in parallel hardw are. Third, the class of mo dels is univ ersal in the sense that essen tially any function can implemen ted to an desired degree of accuracy su�cien tly large net ork (Hornik, Stinc h- com e, and White 44 ]). Ho ev er, on the negativ side, there is no guaran tee that the parameter estimates con erge to globally{optimal parameters; con ergence of an kind can tak consider- able amoun of training; and, as discuss in more detail in the next section, there is no priori reason to assume that the kind of generalization pro duced this metho is appropriate for giv en problem. Despite the curren opularit of the bac k{propagation metho d, it is mistak to iden tify the �eld of connectionism with the use of this metho d, as sometimes seems to done. It is tec hnique whose capabilities are curren tly eing explored, but it is neither the linc hpin of connectionist researc nor the only tec hnique eing studied for nonlinear parameter estimation. Ho ev er, asp ects of ho bac k{propagation is eing used are haracteristic of connectionist researc h. Its utilit is eing explored in highly exp erimen tal fashion: One tries sev eral di�eren net ork arc hitectures to see whic pro duces the est erformance; one tink ers with the net orks; etc. Less emphasis is placed on the detailed justi�cation of sp eci�c class of nonlinear mo dels than seems haracteristic of more traditional applications of nonlinear parameter estimation. It ould unortho do x, think, for an engineer to use parameter estimation metho for class of mo dels that is rather arbitrary in the con text of sp eci�c problem, that has thousands of parameters, and for whic there is no guaran tee of con ergence to solution with kno wn prop erties. It is easy to �nd fault with this use of parameter estimation, whic is undisciplined from the ersp ectiv of mathematical and engineering ortho do xy and one migh argue, in resp onse, that this free{wheeling nature of curren connectionist researc will disapp ear as the �eld matures. But think the exp erimen tal nature of this kind of researc is desirable|as long as its limitations are prop erly understo d. �eld can mature in man ys, one of whic is to fo cus its atten tion on more and more restricted classes of problems. One of the reasons that connectionist researc Le Cun 61 writes that \Among all the sup ervised learning algorithms, bac propagation is probably the most wi(l)dely used." 14 Figure 2: An example of coarse co ding: Ov erlapping receptiv �elds of functions determining represen tation for functions of the information on other input path ys is pro cessed), are essen tially quadratic functions that can learned quic kly using second{order net orks. Alternativ ely the algebraic structure of functions can determined from kno wledge ab out the function to learned, an approac illustrated the use Ka ato, uruk a, and Suzuki 52 of functions deriv ed from the algebraic form of the dynamical equations of the rob ot arm to con trolled. One haracteristic of man connectionist applications of parameter estimation that di�ers from more ortho do applications is that more freedom is exercised in selecting functions. or example, in con en tional system iden ti�cation for adaptiv con trol, strong assumptions are made ab out the nature of the system to con trolled, and functions are often iden tit functions of basic system ariables and their dela ed alues. Connectionist researc hers, on the other hand, often apply parameter estimation metho ds under eak assumptions ab out problems, and they often use expansiv represen tations of ery high dimension based on ultitude of nonlinear functions. Although sometimes represen tations of this kind are motiv ated desire to mo del the kinds of co ding principles that migh emplo ed in nerv ous systems (co ding the gran ular la er of the cereb ellum eing go example, as describ ed Albus ]), in other instances the ill{ structured nature of the problem calls for exible represen tation. This kind of represen tational freedom is one of the most salien haracteristics of connectionist researc h. Nonlinear Mo dels Another salien haracteristic of connectionist researc is its use of no el classes of nonlinear mo dels. The fo cus of the preceding section as the use of nonlinear functions with linear mo dels, situation in whic one can apply ell{b eha ed estimation metho ds for linear mo dels. In this case, ecause the functions are not parameterized, they do not complicate the computation of the gradien of the mo del error as function of the parameters. or example, with linear mo del, the mean{square error is quadratic function of the parameters with unique minim um 13 umerous examples of systems that use this basic approac h: Mic hie and Cham ers’ 66 \Bo xes" system, on whic Barto, Sutton, and Anderson 14 based their ole{balancing system; Sam uel’s 85 \signature tables"; and eldman and Ballard’s 26 \parameter net orks." In connectionist terms, eac of these functions represen ts the function computed \v alue unit" (F eldman and Ballard 26 ]). If these kinds of functions are used with nonlinear mo dels, one obtains lo okup tables where eac en try is more complicated than just alue. or example, hierarc hical signature table of the kind used Sam uel 85 ], in whic lo okup tables con tain parts of the addresses in to other lo okup tables, migh though of as com bination of lo calized functions with particular kind of ultilinear mo del. Raib ert’s 80 lo okup table in whic eac en try is itself linear mo del can regarded as the result of using this yp of function with class of bilinear mo dels. more general yp of lo okup table results from using functions that aggregate the alues of underlying ariables in to erlapping regions instead of disjoin regions. Albus’ CMA is go example of this approac h. Information is stored spreading eac item to stored er neigh oring table en tries according to eigh ting pro�les giv en the functions. Alternativ ely one can lo cally store individual items and use spread function on recall, for example, eraging er neigh oring en tries as discussed tk eson and Reink ensmey er ]. In either case, connec- tionists think in terms of neuron{lik units, one for eac function, with erlapping receptiv �elds and refer to this of co ding information as yp of \coarse co ding" 37 ]. or example, referring to Figure (after Hin ton 37 ]; cf.

altz and 100 ]), eac oin on the plane is enco ded as pattern of activit er man units (i.e., man functions tak non{zero alues), and eac unit participates in represen ting man oin ts. more traditional metho that amoun ts to an in terp olating lo okup table is the Metho of oten tial unctions of Aizerman, Bra erman, and Rozono er and discussed Duda and Hart 23 and Niranjan and allside 76 ]. In connectionist terms, this metho mak es use of units eac ha ving ossibly global receptiv �eld with sensitivit curv that hanges as function of the distance from particular oin in the input space (cf. the decrease of electrical oten tial with distance from harged particle). Metho ds relying on represen tations similar to this are gaining notice as researc hers seek learning metho ds that are faster than bac k{propagation (e.g., Mo dy and Dark en 71 ], Niranjan and allside 76 ]). The use of functions with erlapping receptiv �elds clearly pro vides kind of in terp olation and extrap olation that is absen from simple lo okup table. Other hoices of functions lead to more \algebraic" represen tations. or example, if one migh select the follo wing �v functions: x; x; x; x; and x; xy Then with linear mo del and parameter estimation metho suitable for linear mo del (suc as the LMS metho d), one can learn quadratic functions of Net orks emplo ying these kinds of nonlinear pre{pro cessing functions ha een called \higher{ order net orks" Giles and Maxw ell 32 ]. Although it is clear that extending this approac to high{order olynomials encoun ters com binatorial explosion, considerable impro emen er linear mo dels using linear functions ma ossible with relativ ely small in estmen in nonlinear pre{pro cessing. or example, exclusiv e{or, and man other functions exhibiting the same kind of con text sensitivit (where the signals on some input path ys radically alter ho As Da vid Eliot oin ted out in the orkshop discussion, Iv akhnenk o’s Group Metho of Data Handling 45 is metho that helps oid the com binatorial explosion pruning eac set of th {degree terms efore using the remaining terms to generate the 1) st {degree terms. Although this is an o�{line metho d, Anderson relates it to algorithms for learning in la ered net orks. 12 bac k{propagation metho is deriv ed computing this error gradien for the particular class of mo dels sp eci�ed la ered net orks. The theory of the LMS rule, and other parameter estimation metho ds, is ery ell dev elop ed. Under what conditions do es metho con erge to �xed estimate? What criterion of est{�t is satis�ed the �nal estimate? In all cases, there is requiremen that the data set pro cessed the algorithm satis�es certain prop erties for go parameter estimates to result. or iden ti�cation tasks, the system eing iden ti�ed has to driv en with set of inputs that rev eals all of its mo des of activit to the parameter estimator. su�cien tly ric set of input signals is said to su�ciently stimulating Exactly what this means dep ends on the particular class of systems one is considering. Analogous conditions for classi�cation require su�cien tly aried set of training instances and training regime that rep eats them all su�cien tly often. or theoretical treatmen ts of on{line parameter estimation metho ds see, for example, refs. 23 33 62 88 112 ]. Within the framew ork of parameter estimation just sk etc hed, the ma jor factors in uencing ho the framew ork is applied are the hoice of the basic problem represen tation em died in the functions and the hoice of the parameterized class of mo dels. It is in terms of these factors that one can see ho connectionist researc hers tend to part compan with more traditional users of parameter estimation tec hniques. Represen tation Because the functions determining the basic problem represen tation do not ha to elong to sp eci�c restricted class of functions in order for parameter estimation metho ds to apply one can exercise wide latitude in selecting these functions. Although some hoices are more satisfactory than others (dep ending on haracteristics of the task and the class of mo dels hosen), and \feature selection" has een widely studied as problem in itself, it is considered largely an art to select suitable functions. So{called \unsup ervised" learning metho ds can regarded as pro cedures for selecting go features, but these metho ds are ey ond the scop of this erview (and, of course, one also has to select basic represen tation for an unsup ervised metho d). My aim here is remind the reader of some of the consequences of selecting di�eren yp es of functions. These consequences co er sp ectrum of ossibilities ranging from lo okup tables, on one end, to purely computational sc hemes, on the other. or example, if the set, of patterns is �nite, then one can de�ne set of functions, where if otherwise. (9) Giv en this represen tation, linear mo del (Equation 4) is just lo okup table, where the functions pro vide the indexing sc heme and the parameters giv the alues stored in the table. Note that although information is stored in distinct \lo cations" when this represen tation is used|b ecause there is distinct parameter for eac item stored|a sequen tial searc of memory lo cations is not required to retriev information if one assumes that eac is implemen ted hardw are. The collection of functions acts as hashing function; in this case, with no ossibilit for collision. An in�nite can quan tized suitable selection of functions to ac hiev lo okup table based on the resulting �nite set of disjoin regions, e.g. {dimensional rectangles. There are sa \so{called" ecause think it is less misleading to view metho for unsup ervised learning as sup ervised metho with �xed, built{in teac her. Unsup ervised metho ds reco de pattern information according to co ding principles (suc as principal comp onen analysis) that are built in to the learning rule. 11 of the parameters are of considerable in terest ecause they pro vide wider latitude for adjusting eha vior. or example, la ered net ork of the appropriate kinds of nonlinear units de�nes class of nonlinear mo dels whose parameters can adjusted the bac k{propagation metho d. discuss nonlinear mo dels in more detail in the section \Nonlinear Mo dels." 3.2 arameter Estimation Metho ds ypical metho for on{line parameter estimation op erates as follo ws. time step there is an estimate, for the unkno wn parameter ector that sp eci�es the est mo del (according to some sp eci�ed measure) within the class of mo dels under consideration. There is also ailable feature ector, describing the curren input pattern. The output of the decision rule or mo del sp eci�ed is determined using the feature ector as input. This output is compared with the target output of the decision rule or mo del, whic is assumed to supplied \teac her." or example, assuming the linear mo del giv en Equation 4, and letting denote the target output at time signed error, is determined: (5) In the most widely used metho ds, new parameter estimate, +1 is determined from the curren estimate, as follo ws: +1 (6) where is the algorithm gain at step um er of algorithms follo the form of Equation but di�er in what is and ho it is computed. In some algorithms, is matrix computed in an iterativ manner based on training data (see, for example, Go dwin and Sin 33 ]; Ljung and S� oderstrom 62 ]) but connectionists tend to restrict atten tion to the simplest case in whic is constan t, Using matrix with non{zero terms o� the diagonal requires non{lo cal computation that is costly to implemen when there is large um er of parameter as in man connectionist applications. In the simplest case of constan scalar gain, one has the follo wing up date equation: +1 (7) If the parameterized linear mo del giv en Equation is assumed, then Equation can expanded via Equation to yield: +1 +1 (8) This is the estimation metho presen ted Widro and Ho� 109 ], widely kno wn as the LMS (Least Mean Square) rule. If one replaces the linear mo del of Equation with the linear threshold decision rule giv en Equation 3, one obtains the erceptron learning rule of Rosen blatt 81 ], whic is iden tical to Equation except that the eigh ted sum is replaced the threshold of the eigh ted sum as de�ned Equation 3. On{line estimation metho ds can understo as incremen tal metho ds for attempting to minimize measure of mo del error as function of the parameters. According to this view, the task is to searc for the parameter ector that minimizes measure of classi�er or mo del error er all the training data. The LMS rule (Equation 8), for example, pro duces step in parameter space whose exp ected direction is do wn the surface giving this erall error, and hence the on{ line application of the LMS rule tends to minimize the mean{squared error er the data. The 10 all suc collections of data atterns ev en though this is not the usual terminology for system iden ti�cation tasks. Let denote the set of all patterns relev an to giv en task and assume there are real{v alued functions, eac pro ducing measuremen of eac pattern. riting to denote the alue of the th measuremen of pattern the ector )] is the fe atur ve ctor description of There are no restrictions on the forms of the functions |they can linear or nonlinear functions of (assuming has enough mathematical structure for linearit to mak sense). They are giv en concrete in terpretation when metho is applied to sp eci�c real{w orld problem, and this in terpretation constitutes the basic problem represen tation discussed ab e. Of particular imp ortance are linear decision rules and linear mo dels. or o{class clas- si�cation task, the set of linear decision rules is parameterized parameter ector +1 and eac rule has the form class if +1 class if +1 (1) This is the linear threshold rule often used in connectionist net orks. In an iden ti�cation task, linear mo dels tak the form +1 (2) where is the mo del output for input (this can extended to mo dels with ector output in the ob vious y). or oth pattern classi�cation and system iden ti�cation, one ould estimate the alue of the parameter ector, that pro duces the est matc with the data supplied during training (where est is de�ned in terms of some sp eci�c criterion). Tw con en tions are usually follo ed when decision rules or mo dels in the form of Equations and are used. First, to the list of functions one adds an 1) st whose alue is alw ys 1; so that one can write the decision rule giv en Equation as class if class if 0, (3) where is the inner pro duct of and ). Similarly the mo del giv en Equation can written (4) The second con en tion is to refer to the time at whic pattern app ears for classi�cation, or pattern is input to the system eing iden ti�ed. Let and resp ectiv ely denote the alue of the feature ector, the parameter ector, and the classi�er or mo del output at time Notice that ev en in the case of linear mo del, the mo del output is nonlinear function of the underlying patterns when the functions are nonlinear functions of the patterns. Ho ev er, ecause the functions are not parameterized, the mo del (or the decision rule if ignore the threshold op eration in Equation 3) is linear function of the parameters, and the functions’ structures do not directly en ter in to the deriv ation of parameter estimation metho d. Despite the exibilit that nonlinear functions add to linear mo dels, mo dels de�ned nonlinear functions The functions do in uence the parameter estimation pro cess, ho ev er, ecause they determine imp ortan haracteristics of the the training instances as seen the linear mo del. Connectionist approac hes mak extensiv use of these ossibilities as discussed in the section \Represen tation." de�ne the decision rule or mo del. Generally one ust mak compromise et een rule or mo del complexit and its adequacy for the application. Using connectionist net ork, this corresp onds to ho osing the yp es of units, the structure of the net ork, and the constrain ts among connection eigh ts to enforce during training. 3. Performanc criteria| Ho do es one compare the erformance of the di�eren decision rules or mo dels in the delineated class? An imp ortan problem here is that one ould lik to measure the erformance of system without ha ving to completely implemen it. The est measure of erformance migh ev aluate the erall, �nal eformance of the system that mak es use of the decision rule or mo del (for example, in the commercial orld, \Ho ell do es the device sel ?"; in the biological orld, \Ho ell do es the organism epr duc ?"). Ho ev er, in practice one has to devise simpler criteria that are closely correlated with erall erformance and et can measured easily and quic kly or parameter estimation it is common to measure erformance the erage of the squared error et een the output of the decision rule or mo del and some target alues. The problem of �nding easily measured ev aluation criteria that can act as surrogates for more basic but hard{to{measure criteria is cen tral issue in studies of learning and is discussed further in the section \Reinforcemen Learning." 4. Estimation metho ds| Tw ma jor yp es of parameter estimation metho ds are distinguished: o�{line and on{line metho ds. O�{line metho ds op erate when the training data are ailable at one time. These data are collected efore erforming the analysis that determines the parameter alues. On{line metho ds, on the other hand, pro cess the data as it ecomes ailable to the learning system. They ust use e�cien metho ds to able to eep up with the temp oral o of ev en ts. Here, restrict atten tion to on{line metho ds ecause connectionist net orks generally implemen on{line metho ds. 5. Use of priori know le dge| The parameter estimation pro cess can impro ed the use of priori kno wledge, not only as it is incorp orated in to the selection of the problem represen tation and the class of decision rules or mo dels, but also in the form of initial parameter alues and constrain ts among parameter alues. Connectionist learning metho ds are often studied under the assumption that there is little prior information ab out the task at hand, but this assumption is not de�ning haracteristic of connectionist researc h. The use of parameter estimation metho ds, whether em died in connectionist net orks or not, no means en tails tabula asa view of learning and memory On the con trary the incorp oration of prior kno wledge can greatly accelerate, and otherwise impro e, the learning pro cess. 3.1 eature ectors, Decision Rules, and Mo dels The framew ork in whic parameter estimation tec hniques are applied is essen tially the same for classi�cation and system iden ti�cation tasks. or classi�cation task, let denote an one of the patterns one wishes to classify or an iden ti�cation task, let denote an of the collections of data that will constitute input to the relationship eing mo deled. In what follo ws, call do not discuss iden ti�cation metho ds using recursiv e, or auto{regressiv e, mo dels that are widely studied in engineering. These are mo dels whose past outputs can form part of their input. Iden ti�cation using recursiv mo dels should not confused with what is sometimes called recursiv parameter estimation, or recursiv system iden ti�cation, in whic the term recursiv essen tially means on{line. on set of training patterns whose correct classi�cations are supplied \teac her." In signal pro cessing and con trol, one is often seeking mo del capable of pro ducing umerical alues that matc alues measured from some ph ysical system. This application of parameter estimation is kno wn as system identi�c ation One assumes that the mo del has sp eci�c mathe- matical form expressed in terms of set of unkno wn parameter alues and then uses parameter estimation metho to �nd go parameter alues. The estimation metho requires data in the form of examples of ho the system eing mo deled eha es for collection of inputs. The role of the teac her is pla ed the system eing mo deled. In similar manner, parameter estimation metho ds can applied to the problem of iden tifying the inverse of system (refs. 107 110 112 ]). discuss system iden ti�cation, in erse system iden ti�cation, and other yp es of problems relev an to con trol in more detail elo w. Another to apply parameter estimation tec hniques is distinctiv ely attributable to the connectionist approac h: the formation of asso ciative memory networks Although the parameters (the connection eigh ts) of asso ciativ memory net orks are up dated using parameter estimation tec hniques, connectionists think ab out asso ciativ memory net orks di�eren tly from the engi- neers think ab out parameterized classes of mo dels. Instead of regarding the parameter estimation pro cess as one of searc hing for the est{�tting mo del in class of mo dels, one thinks of it as storing information in memory structure. Compared to the usual lo okup{table form of memory asso ciativ memory net orks ha the desirable prop erties of some degree of noise resistance and con ten addressabilit (see refs. 41 57 for discussions of asso ciativ memory net orks). View ed as system iden ti�cation pro cedures, on the other hand, asso ciativ memory net orks can crit- icised ecause they often implemen transformations that are not sp ecialized enough to pro vide go mo dels of the pro cess generating the data. The idea of an asso ciativ memory net ork is go example of an idea linking engineering metho ds with the st yle of thinking more lik that of computer science and AI. It is not surprising that the mo dern of connectionist researc egan in the mid 1970s with the opularization of asso ciativ memory net orks, although Widro and Ho� 109 discussed the asso ciativ memory idea in 1960. Recognizing that asso ciativ memory and system, or rule, iden ti�cation are closely related to one another and et are ev aluated di�eren criteria is imp ortan for understanding the relationship et een connectionist and traditional applications of parameter estimation. These oin ts are elab orated elo w. The essen tial elemen ts of parameter estimation problem are as follo ws (after Go dwin and Sin 33 ]): 1. Pr oblem epr esentation| This is an asp ect of parameter estimation problem that is guided the least useful theory What asp ects of ob jects, inputs, states etc. should measured to pro vide data for classi�cation or mo deling? If basic ph ysical ariables are ob vious candidates, should they represen ted simply as real{v alued measuremen ts, or should they co ded in some other y? One haracteristic of connectionist researc is that represen tations are often hosen that are suggested what kno w, or think kno w, ab out ho nerv ous systems represen information. These represen tations often di�er from those an engineer migh ho ose. In using connectionist net orks, ho osing represen tation corresp onds to selecting ho the signals reac hing the net ork’s input units are related to the problem under consideration, as ell as ho the net ork’s output co des the relev an problem ariables. 2. Class of de cision rules or mo dels| This is another asp ect of parameter estimation that is guided little theory One ust select an appropriate class of decision rules or mo del structures|a hoice that includes deciding ho man parameters to use and ho they to suggest that additional factors ma ha een imp ortan t. First, the mo emen of AI from these kinds of mathematically{based metho ds|the same dev elopmen ts in AI that isolated the connectionism of the 1960s|ma ha also isolated heuristically{minded researc in con trol. Second, man of the con trol metho ds prop osed these researc hers had memory requiremen ts that ere excessiv in terms of the ailable tec hnology No w, ho ev er, not only is AI somewhat more hospitable to ork of this kind, but tec hnological adv ances ha made memory{in tensiv approac hes to con trol quite feasible. ersp ectiv tak en in this rep ort is that connectionist approac hes to con trol are instances of memory{instensiv approac hes, and that it is no tec hnologically ossible to explore the utilit of these metho ds. One of the strengths of connectionist researc is that it lies in this middle ground et een engineering and AI|utilizing engineering{lik mathematical tec hniques while sim ultaneously in- corp orating expansiv represen tations and an exp erimen tal metho dology more lik that of AI. It is ob viously desirable to main tain high standards of mathematical rigor, but an exp erimen tal, heuristic approac seems essen tial oth for dev eloping applications in olving complex nonlinear systems and for detecting the regularities er classes of problems that can guide rigorous math- ematical dev elopmen t. Ho ev er, as for an approac to complex con trol problems in whic the yp otheses of con ergence and stabilit theorems are not lik ely to satis�ed, it is imp ortan to recognize that some problems are not ell suited for the application of connectionist learning metho ds. These are problems for whic con trol failure is unacceptably costly or for whic it is not ossible to use pro en con trol principles to safeguard against unacceptable erformance. Although connectionist learning metho ds ha the oten tial for extending the range of con trol applications, it ma turn out that the applications most suitable for these metho ds will those related to the con trol capabilities of animal nerv ous systems; although this is ery broad class of applications, it is not all{inclusiv e. Connectionist researc is pro viding bridge et een lines of researc that div erged more than en ears ago. The curren high lev el of activit in connectionist researc can compared with the excitemen that ould result if scien tists from di�eren but similar planets suddenly found themselv es able to comm unicate. There ould sudden o of information as concepts on eac side ere recast within the other sides’ framew orks. Just as it ould not surprising that metho ds ell{kno wn for ears on one side ere eing reform ulated using di�eren language, it ould not surprising that some of the ideas on eac side ere new to the other. These so ciological, or cultural, factors are as imp ortan as the tec hnical factors in understanding what has happ ened in the last sev eral ears as in terest in connectionist researc has explo ded. In the rest of this rep ort, discuss connectionist learning metho ds using the framew ork of parameter estimation as it is understo engineers, emphasizing the ideas and tec hniques that think represen con tributions from the connectionist researc comm unit arameter Estimation Most of the learning metho ds studied connectionists are examples of ar ameter estimation metho ds. arameter estimation is cen tral to the �elds of pattern classi�cation (e.g., Duda and Hart 23 ]; Sklansky and assel 88 ]) adaptiv signal pro cessing (e.g., Widro and Stearns 112 ]), and adaptiv con trol (e.g., Go dwin and Sin 33 ]). or example, one to construct pattern classi�er is to assume that the classi�cation rule, or decision rule, is mem er of sp eci�c class of rules, and that eac rule in the class is sp eci�ed selecting alues for set of parameters. Learning is the pro cess of adjusting parameter alues based on ho ell the decision rule erforms siv structure allo wing \wholes" to represen ted in the same that \parts" are represen ted. This allo ws descriptions of situations to recursiv ely em edded within the represen tations of more complex situations in that do es not ha an ob vious coun terpart for feature ectors. Despite considerable researc e�ort directed to ard bringing feature ectors and articulated, or sym olic, represen tions closer together (e.g., refs. 22 40 78 97 98 ]), there is still fundamen tal gulf et een these represen tational st yles. The engineering tradition sho wn the left line in Figure has not addressed these represen tational issues ecause feature ector represen tations are natural for the kinds of prediction and con trol problems with whic engineers are concerned. Consequen tly discussions of the relev ance of connectionist metho ds to con trol tend not to address the questions ab out connectionist analogs of sym olic represen tations that are ccup ying uc of the atten tion of AI and cognitiv science researc hers. Although sym olic pro cessing will undoubt- edly pla an imp ortan role in in telligen con trol systems|p erhaps with connectionist approac hes to these problems pla ying ey roles|there seems to ample opp ortunit for progress in con trol efore one needs to consider the kinds of articulated represen tations that dominate sym olic AI. erhaps it is also signi�can that at this orkshop will not hearing great deal ab out the profound problems in scaling net ork tec hniques to large problems (e.g., Judd 48 49 50 ]). This is certainly relev an for con trol, but considerable progress in con trol seems ossible efore these barriers are approac hed. Another ma jor feature of sk etc of history sho wn in Figure is that the line represen ting curren connectionist researc branc hes o� from the sequen tial sym ol manipulation line|not the engineering line. The signi�cance of this is that while connectionist tec hniques generally are closely related to engineering metho ds (n umerical feature ectors, gradien ts, mean{square error, etc.), uc connectionist researc con tin ues the tradition in AI of addressing problems that are not form ulated with high degree of mathematical structure (suc as linearit y). artly ecause of this, connectionist researc is more exp erimen tal and heuristic than impression of mo dern engineering metho dology or example, man connectionist researc hers are curren tly exp erimen t- ing with the bac k{propagation metho for training la ered net orks (indep enden tly dev elop ed LeCun 60 ], ark er 77 ], Rumelhart, Hin ton, and Williams 83 ], and erb os 102 ]) without the aid of theoretical framew ork that guides its application and pro vides guaran tees ab out its results. Additionally connectionist researc hers routinely exercise kind of represen tational freedom that is not commonplace in more ortho do engineering applications. or example, feature ector ma distributed represen tation of kind of sym olic represen tation (e.g., Rosenfeld and ouretzky 82 ]) that is ery far remo ed from the lists of measuremen ts of \ph ysical" quan tities more natural in engineering applications (p osition, elo cit etc.). Connectionist metho ds often emplo \expansiv represen tations" (ab out whic sa more in the section \Represen tation") ha ving dimensionalit uc higher than the apparen in trinsic dimensionalit of problem. do not mean to imply that exp erimen and heuristics are absen from engineering, or that connectionist researc hers can la sole claim to all of the metho ds they use. Indeed, in the �eld of con trol engineering, there ha een umerous e�orts to dev elop more heuristic approac hes to con trol. Examples are pro vided 29 ], Mendel and 64 ], Saridis and Gilb ert 86 ], and altz and 100 ]. Muc of this researc as explicitly in uenced the metho dology of AI and includes some of the features of the connectionist researc discussed in this rep ort. Studies suc as these represen early e�orts, not depicted in Figure 1, to explore the middle ground et een engineering and AI for applications to con trol. There are undoubtedly man reasons that researc of this kind did not lead to ma jor dev elopmen within con trol engineering. Although some of these reasons ma in olv real de�ciencies of these metho ds for certain kinds of problems, ould lik Figure 1: ersonal view of the history of connectionist researc h. In tro duction This rep ort is an in tro ductory erview of learning arti�cial neural net orks with fo cus on the ideas and metho ds most relev an to the con trol of dynamical systems. The ersp ectiv tak en emphasizes the ontinuity of the curren researc on arti�cial neural net orks, whic call connectionist researc h, with more traditional researc in con trol, signal pro cessing, and pattern classi�cation. ying connectionist learning metho ds to existing theory is imp ortan for those in terested in connectionist approac hes to adaptiv and learning con trol ecause con trol theory is ell{dev elop ed �eld with large literature, and man of the learning metho ds eing describ ed connectionists are closely related to metho ds that already ha een in tensiv ely studied adaptiv con trol theorists. On the other hand, the directions that connectionists are taking these metho ds ha haracteristics that are absen in the traditional engineering approac hes. In this rep ort describ these haracteristics and discuss their ositiv and negativ asp ects. This rep ort is not in tended to review of all researc on connectionist learning, and no attempt is made to pro vide exhaustiv references to the connectionist literature. The review Hin ton 39 co ers wider range of learning metho ds (although it do es not fo cus on con trol), Mars 63 reviews connectionist approac hes to rob ot con trol, and there are other publications that carefully elab orate man of the observ ations mak e. Here atten tion is restricted to basic issues concerning sup ervised and reinforcemen learning, and assume that readers already kno ab out the most opular connectionist learning algorithms. Learning algorithms for recurren tly{ connected net orks and unsup ervised learning are not discussed ev en though these topics are relev an to applications in con trol. also do not discuss the hardw are side of connectionist researc h|taking for gran ted that the suitabilit of net ork metho ds for parallel implemen tation is one of the attractiv asp ects of this approac h; and do not discuss an of the imp ortan issues that arise when relating connectionist researc to neuroscience. History Figure is sk etc of men tal mo del of the recen history of connectionist researc in rela- tion to engineering and arti�cial in telligence (AI). Although it strongly re ects wn history and biases, think it accurately represen ts sev eral imp ortan features of connectionist researc h. The �rst ev en sho wn in the sk etc is the div ergence of researc in to the lines lab eled \engineer- ing metho ds" and \sequen tial sym ol manipulation metho ds," although these separate lines of researc did not emerge as suddenly as suggested Figure 1, and there ere other o�sho ots marking the end of what Minsky and ap ert 70 called the \roman tic erio d" during whic biologically{inspired computational sc hemes ere �rst studied (also see Arbib ]). asso ciate this div ergence with Minsky’s 1961 pap er \Steps ard Arti�cial In telligence" 69 ], in whic he argued that sym olic \articulated" represen tations ha erful adv an tages er the feature{ ector represen tations to whic connectionist metho ds ere, and arguably still are, restricted. In fact, one migh lab el these main lines of researc \feature ectors" on the left and \articulated represen tations" on the righ t. feature ector is list of measuremen ts, ha ving umerical or logical alues, made of some situation, state, ob ject, etc. An articulated represen tation, on the other hand, can ha recur- In this rep ort, when refer to \engineering" and \AI" am often using these terms in an admittedly stereot yp ed that do es not re ect the div ersit of these �elds. ask the reader not to tak this usage to literally and conclude that am pigeon{holing researc hers or their researc h. Con ten ts In tro duction History arameter Estimation 3.1 eature ectors, Decision Rules, and Mo dels 3.2 arameter Estimation Metho ds 10 Represen tation 11 Nonlinear Mo dels 13 arametric and Structural Learning 15 Memory ersus Mo dels 17 Where Do es the raining Information Come rom? 18 Reinforcemen Learning 24 9.1 Impro ving erformance 26 9.2 Critics 27 9.3 The Role of Reinforcemen Learning in Con trol 29 10 Conclusion 30 Connectionist Learning for Con trol: An Ov erview Andrew G. Barto Departmen of Computer and Information Science Univ ersit of Massac usetts, Amherst MA 01003 COINS ec hnical Rep ort 89-89 Septem er 1989 bstr act |This rep ort is an in tro ductory erview of learning connectionist net orks, also called arti�cial neural net orks, with fo cus on the ideas and metho ds most relev an to the con trol of dynamical systems. It is in tended oth to pro vide an erview of connectionist ideas for con trol theorists and to pro vide connectionist researc hers with an in tro duction to certain issues in con trol. The ersp ectiv tak en emphasizes the con tin uit of the curren connectionist researc with more traditional researc in con trol, signal pro cessing, and pattern classi�cation. Con trol theory is ell{dev elop ed �eld with large literature, and man of the learning metho ds eing describ ed connectionists are closely related to metho ds that already ha een in tensiv ely studied adaptiv con trol theorists. On the other hand, the directions that connectionists are taking these metho ds ha haracteristics that are absen in the traditional engineering approac hes. This rep ort describ es these haracteristics and discusses their ositiv and negativ asp ects. It is argued that connectionist approac hes to con trol are sp ecial cases of memory{in tensiv approac hes, pro vided su�cien tly generalized view of memory is adopted. Because adaptiv connectionist net orks can co er the range et een structureless lo okup tables and highly constrained mo del{ based parameter estimation, they seem ell{suited for the acquisition and storage of con trol information. Adaptiv net orks can strik balance et een the tradeo�s asso ciated with the extremes of the memory/mo del con tin uum. The author ac kno wledges the supp ort of the Air orce O�ce of Scien ti�c Researc h, Bolling AFB, through gran AF OSR{87{0030, whic made this hapter ossible, and the supp ort of the King’s College Researc Cen tre, King’s College Cam bridge, England, where uc of it as written. Sp ecial appreciation is expressed to Ch uc Anderson, Judy ranklin, Mik Jordan, Mitsuo Ka ato, Ric Sutton, and aul erb os for useful discussions of the material presen ted in this hapter and man helpful suggestions on impro ving its presen tation. This rep ort is based on talk giv en at the NSF orkshop on Neuro con trol, Univ ersit of New Hampshire, Octob er 1988. ersion of this rep ort will app ear in Neur al Networks for Contr ol T. Miller, R. S. Sutton, and J. erb os (Eds.), The MIT Press, Cam bridge, Massac usetts.