ASK DECOMPOSITION AND NETW ORK AR CHITECTURES The previous hapters rep orted the abilit of the mo dular arc hitecture to erform task decomp osition on the \what" and \where" vision tasks and on the ulti{pa yload rob otics task. This hapter considers some domain{indep enden issues concerning task decomp osition and discusses similarities et een task decomp osition and generalization as implemen ted in connectionist systems. Because function appro ximation is an underconstrained problem, net orks with to man degrees of freedom ma not generalize as desired (e.g., Denk er et al. 16 ], le Cun 42 ], oggio and Girosi 58 ]). One approac to this problem is to use domain kno wledge to design net ork arc hitecture that is appropriately restricted in the yp es of functions that it can implemen t. Suc an arc hitecture should generalize in the desired manner. Exp erience with the mo dular arc hitecture describ ed here has sho wn that similar situation exists with regard to task decomp osition. Because function decomp osition is an underconstrained problem, there are man ossible de- 92 comp ositions of task in to simpler tasks. Th us, mo dular arc hitectures with to man degrees of freedom ma not decomp ose task as desired. Section 6.1 rep orts sim ulations demonstrating this idea. Section 6.2 argues that if there are reasons to prefer one decomp osition er another, then it is necessary to use domain kno wledge in order to design mo dular arc hitecture that is appropriately restricted in the yp es of functions it can compute. Suc an arc hitecture should decomp ose task in the desired manner. 6.1 Sim ulations Three systems ere trained to appro ximate the function sin if 0] sin sin if (0 (6 1) Figure 6.1 sho ws the graph of this function. eac time step, as randomly selected from uniform distribution er the in terv al ]. As discussed elo w, the three systems are mo dular arc hitectures, and are um ered suc that higher{ um ered systems are less restricted in the yp es of functions that they can compute than lo er{n um ered systems. All systems consist of exp ert net orks and gating net ork (see able 6.1). The gating net ork is single{la er net ork with 71 input units and output units. The input units pro vide coarse{co ded represen- tation of Details concerning this represen tation and sev eral other asp ects of the sim ulations are pro vided in App endix C. 93 Figure 6.1: Graph of 94 able 6.1: Systems used in the sine exp erimen ts. Mo dular Arc hitectures Exp ert Gating Exp ert Net orks’ Gating Net ork’s System Net orks Input Net ork Input sin and sin 71 coarse{co de of sin and sin 10 10 71 coarse{co de of sin and sin 10 10 71 coarse{co de of 10 10 In system 1, eac exp ert net ork is single{la er net ork with input units and output unit. The activ ations of the input units are assigned the alues sin and sin resp ectiv ely Figure 6.2 sho ws ho system allo cated its exp ert net orks at the end of ypical sim ulation. The horizon tal axis giv es the alues of The ertical axis giv es the activ ation alues of the output units of the gating net ork. This graph sho ws that, roughly the system allo cated one exp ert net ork to appro ximate when as negativ and the other exp ert net ork to appro ximate when as ositiv e. Giv en the piecewise nature of the system disco ered an appropriate decomp osition. Because of the restrictions placed on the exp ert net orks (they can only compute a�ne functions of sin and sin ), this as the only decomp osition that the system could use to closely appro ximate 95 Figure 6.2: ask decomp osition disco ered System 1. 96 Figure 6.2 con tains other notew orth features. When 0, the outputs of the system ere roughly the erage of the outputs of the exp ert net orks. This seems appropriate since lies on the orderline that separates the \domains of exp ertise" of the exp ert net orks. second feature is that when as near or the activ ations of the output units of the gating net ork ere near 0.5. This is side{e�ect of our use of coarse{co ded represen tation of and can eliminated further training with alues of near these endp oin ts. In system 2, the �rst exp ert net ork is strictly la ered net ork with input unit, la ers of 10 hidden units eac h, and output unit. The input unit enco des the alue of The second exp ert net ork is single{la er net ork with input units and output unit. The input units enco de the alues sin and sin System is less restricted than system in the yp es of functions it can compute. Con- sequen tly it is more di�cult for system to disco er decomp osition that allo ws it to closely appro ximate �nd that in order for this system to disco er an appropriate decomp osition, it is necessary to ary the con tribution to the gating net- ork error function (Equation 3.6) of the term resp onsible for making the outputs of the gating net ork approac the neutral alue, where is the um er of exp ert net orks. This term, the fourth in Equation 3.6, con tains the factor whic is non{zero only when the arc hitecture’s erformance has not signi�can tly impro ed. Instead of setting to one when erformance has not signi�can tly impro ed, initialized it to alue larger than one at the start of training and slo wly decreased it to one during training. Recall that this olicy of arying as in tro duced in 97 Section 4.1.2, and as found to allo exp ert net orks unable to comp ete in terms of initial rates of learning|but whic ma etter in terms of ev en tual erformance| the hance to exert their sup eriorit When as mo di�ed in this manner, the system consisten tly disco ered an appropriate decomp osition. Figure 6.3 sho ws ho system allo cated its exp ert net orks at the end of yp- ical sim ulation. This graph sho ws that the system allo cated the ulti{la er exp ert net ork to appro ximate when as negativ and the single{la er exp ert net ork to appro ximate when as ositiv e. Although there are an in�nite um er of task decomp ositions that ould allo the system to closely appro ximate the com bina- tion of the follo wing three prop erties ensured that the system alw ys disco ered the decomp osition sho wn in Figure 6.3. These prop erties are that the single{la er exp ert net ork can only compute a�ne functions of sin and sin the single{la er exp ert net ork can learn suc a�ne functions faster than the ulti{la er exp ert net ork; and it is easier for the ulti{la er exp ert net ork to learn the function sin than the function sin sin In system 3, eac exp ert net ork is strictly la ered net ork with input unit, la ers of 10 hidden units eac h, and output unit. The activ ation of eac input unit is assigned the alue of System is less restricted than either system or in the yp es of functions that it can compute. As result, it nev er disco ered the decomp osition of that as disco ered the �rst systems. Figure 6.4 sho ws ho system allo cated its exp ert net orks at the end of ypical sim ulation. comparison of Figures 6.1 and 6.4 sho ws that, roughly system allo cated one 98 Figure 6.3: ask decomp osition disco ered System 2. 99 Figure 6.4: ask decomp osition disco ered System 3. exp ert net ork to appro ximate where is conca up and allo cated the other exp ert net ork to appro ximate where is conca do wn. Although there are an in�nite um er of task decomp ositions that ould allo the system to closely appro ximate �nd that it frequen tly though not alw ys, decomp osed in this manner. Considering that there are no constrain ts on whic decomp osition the system ma disco er, this result is somewhat surprising. As men tioned ab e, in order to obtain net ork that generalizes in desired manner, it is necessary to design net ork arc hitecture that is appropriately re- stricted in the yp es of functions it can compute. As the ab exp erimen ts demon- 100 strate, similar situation exists with regard to task decomp osition. In order to obtain mo dular arc hitecture that decomp oses task in desired manner, it is necessary to design the gating and exp ert net orks so that the arc hitecture is appropriately restricted in the yp es of functions it can compute. 6.2 Design of Mo dular Arc hitectures Designing an appropriate arc hitecture, whether for generalization or task decom- osition, requires prior kno wledge ab out the task the system will required to erform. strength of mo dular arc hitectures is that their structures are ell{suited for inserting prior kno wledge to bias the decomp ositions to formed. The exp eri- men ts rep orted in this thesis ha highligh ted sev eral ys in whic suc kno wledge can utilized. or example, in man tasks there is natural distinction et een information to pro cessed and information that sets the con text for pro cessing. The exp erimen ter ma kno that when one or more of the (con text) inputs remain constan t, the mapping from the remaining inputs to the desired outputs is relativ ely easy to compute. The distinction et een the con text inputs and the remaining in- puts can form the basis for deciding ho to divide input information et een gating net orks and exp ert net orks. Another prior kno wledge can incorp orated in to the design of mo dular arc hitecture is that kno wn prop erties of the function to appro ximated can pro vide constrain ts on the design of the exp ert net orks. The design of the exp ert net orks, in 101 turn, biases the nature of the decomp osition disco ered the mo dular arc hitecture. This is particularly true when the rep ertoire of exp ert net orks consists of net orks with di�eren haracteristics. or example, the function to appro ximated ma kno wn to con tain linear ortion and nonlinear ortion. In this case, suitable exp ert net orks are easy to design. In general, di�eren exp ert net orks ma designed to ossess di�eren top ologies, initial eigh ts, activ ation functions, step sizes, error functions, etc. In addition, di�eren exp ert net orks ma receiv di�eren input ariables or erhaps di�eren represen tations of the same input ariables. Note that do not adv cate pro viding the mo dular arc hitecture with large um er of di�eren exp ert net orks. Rather, the exp erimen ter should judiciously design small set of oten tially useful exp ert net orks where the oten tial utilit of an exp ert net ork is ev aluated using domain kno wledge. Indeed, if there is su�cien kno wledge of the task, some or all of the exp ert and gating net orks can individually trained indep enden tly of the rest of the arc hitecture (Hampshire and aib el 26 ]). 102 CONCLUSIONS no el mo dular connectionist arc hitecture has een presen ted in whic the net- orks comp osing the arc hitecture comp ete to learn the training patterns. As result of the comp etition, di�eren net orks learn di�eren training patterns and, th us, learn to compute di�eren functions. The arc hitecture erforms task decomp osition in the sense that it learns to partition task in to or more functionally indep enden tasks and allo cates distinct net orks to learn eac task. In addition, the arc hitecture tends to allo cate to eac task the net ork whose top ology is most appropriate to that task, and tends to allo cate the same net ork to similar tasks and distinct net orks to dissimilar tasks. urthermore, it can easily mo di�ed so as to learn to erform family of tasks using one net ork to learn shared strategy that is used in all con texts along with other net orks that learn mo di�cations to this strategy that are applied in con text sensitiv manner. These prop erties ere demonstrated apply- ing the arc hitecture to sets of tasks. Chapter rep orted the results of training the arc hitecture to erform ob ject recognition and spatial lo calization from sim ulated 103 retinal images. Chapter rep orted the results of training the arc hitecture to con trol sim ulated rob ot arm to mo ariet of pa yloads, eac of di�eren mass, along sp eci�ed tra jectory Finally in Chapter 6, it as noted that function decomp osi- tion is an underconstrained problem and, th us, di�eren mo dular arc hitectures ma decomp ose function in di�eren ys. argued that desirable decomp osition can ac hiev ed if the arc hitecture is suitably restricted in the yp es of functions that it can compute. Finding appropriate restrictions is ossible through the application of domain kno wledge. strength of the mo dular arc hitecture is that its structure is ell{suited for incorp orating domain kno wledge. 7.1 uture ork conclude this thesis with list of suggestions for future researc using the the mo dular connectionist arc hitecture. arn the reader in adv ance that whereas some of the suggestions are ell{form ulated, others are highly sp eculativ e. Applic ations| Although the mo dular arc hitecture has oten tial utilit in man application areas, limit our discussion to its use in con trol tasks. Adaptiv con trol engineers frequen tly consider con trol tasks for whic it is di�cult to design con- tin uous con trol la for all regions of plan t’s state space. Ho ev er, these tasks can often erformed piecewise con trollers that emplo di�eren con trol la ws when the plan is op erating in di�eren regions of its state space (e.g., gain sc heduling is opular piecewise con trol tec hnique). The success of these con trollers in the con trol of 104 nonlinear systems suggests that task decomp osition can pro�tably utilized in the erformance of these tasks. Con trol engineers ypically design piecewise con trollers �rst iden tifying suitable partition of the state space of the plan t, and then de- signing useful con trol la for eac region of the state space. One prop osed researc program ould to go ey ond the rob otics exp erimen ts presen ted in Chapter using the mo dular arc hitecture on more di�cult con trol tasks and comparing the piecewise con trol la ws learned the arc hitecture with piecewise con trol la ws sug- gested adaptiv con trol theory An adv an tage of the mo dular arc hitecture er con en tional piecewise con trollers is that it can learn oth useful partition of plan t’s state space as ell as useful con trol la for eac region of the state space. Therefore, the mo dular arc hitecture ma applicable to con trol tasks for whic en- gineers do not ossess su�cien priori kno wledge to design an e�ectiv piecewise con trol la w. Conne ctionist le arning the ory| set of studies could in estigate the relationship et een the design of the mo dular arc hitecture and the task decomp osition disco ered the arc hitecture. These studies ould address um er of imp ortan issues. This thesis has emphasized that the task decomp osition disco ered mo dular arc hitecture is, in part, determined the design of the arc hitecture. second factor determining the task decomp osition disco ered the arc hitecture is the order in whic training patterns are presen ted. prop osed researc program ould attempt to enhance the mo dular arc hitecture’s abilit to tak adv an tage of ositiv transfer of training from earlier to later training patterns. suitably 105 designed mo dular arc hitecture ma disco er task decomp ositions in whic the subtasks iden ti�ed the decomp osition are also subtasks of other tasks faced the arc hitecture. This ob jectiv emphasizes that the functions learned the exp ert net orks can though of as \building blo ks" to used on other ccasions in the erformance of more complex tasks. The mo dular arc hitecture oth allo cates di�eren exp ert net orks to learn dif- feren functions as ell as com bines the exp ert net orks’ outputs to determine the output of the system. prop osed researc program ould decouple these op erations erforming them in di�eren stages of pro cessing. In the �rst stage, the mo dular arc hitecture decomp oses task in to set of useful subtasks. second stage of pro cessing uses di�eren arc hitecture to com bine the ex- ert net orks’ outputs. or example, man computer vision systems ha an early stage of pro cessing during whic di�eren mo dules compute di�eren func- tions of the visual input. These mo dules ma detect edges or estimate depth, orien tation, optic o w, color, etc. In order to in terpret the visual image, the mo dules’ outputs are nonlinearly com bined during subsequen stages of pro- cessing. Giv en that the mo dular arc hitecture has similarities with con en tional comp etitiv learning systems (see Chapter 3), the use of the mo dular arc hitec- ture as prepro cessor ma considered analogous to the use of comp etitiv learning during prepro cessing. or example, Mo dy and Dark en 50 trained net ork to erform nonlinear mapping initially training the hidden units of the net ork using comp etitiv learning tec hnique, and subsequen tly training 106 the output units to com bine the outputs of the hidden units using sup ervised learning tec hnique. In this thesis the exp ert and gating net orks of the mo dular arc hitecture are trained using di�eren error functions. Ho ev er, there ma practical and theoretical adv an tages to training oth sets of net orks using single error function. Indep enden tly Geo�rey Hin ton (Hin ton, ersonal comm unication) and Mic hael Jordan (Jordan, ersonal comm unication) dev elop ed similar pro- osals for error functions for training oth the exp ert and gating net orks. These error functions are based on the in tuition that comp etitiv learning pro cess analogous to \soft" comp etitiv learning (Bridle 12 ], No wlan 54 ]) ma useful in training all net orks of the mo dular arc hitecture. This thesis has describ ed the standard mo dular connectionist arc hitecture (Fig- ure 3.1) and mo di�cations of this arc hitecture, namely the mo dular arc hi- tecture with ultiple gating net orks (Figure 4.5) and the mo dular arc hitecture with share net ork (Figure 5.3). Di�eren ersions of the arc hitecture ma learn di�eren decomp ositions of the same task. Consequen tly di�eren er- sions are most useful for di�eren tasks. prop osed researc program ould The in estigation of single error function for all net orks of the mo dular arc hitecture is cur- ren tly eing pursued in collab oration et een Geo�rey Hin ton, Mic hael Jordan, Stev en No wlan, and the author. 107 iden tify other arc hitectural mo di�cations along with the class of tasks for whic eac mo di�cation is most suited. The notion of mo dularit has een found to of considerable utilit in cognitiv science, particularly in the study of language and vision. Not only ha mo dular theories een found to more parsimonious and easier to understand than nonmo d- ular theories, but also the predictions of mo dular theories ha in man cases een eri�ed (F reedman and orster 23 ]). Mo dularit is also indisp ensable in the design and analysis of complex systems in engineering. feel that the virtues of mo dular systems cited in the literature of these areas are also relev an to the problem of learn- ing in connectionist net orks. In particular, ha argued that if task can decomp osed in to subtasks, eac of whic has its wn idiosyncratic prop erties, then the learner should itself decomp osable system in whic distinct system resources (\exp erts") are allo cated to distinct subtasks. Suc learning system will in general more robust, more e�cien t, and will generalize etter than nonmo dular system. Although domain kno wledge ma useful in suggesting an priori decomp osition of task, the oundaries et een subtasks are rarely explicitly mark ed in the data presen ted to the learner. Moreo er, the optimal allo cation of exp erts to subtasks dep ends not only on the nature of the task but also on the nature of the learner. or these reasons ha argued that the problem of allo cating exp erts to subtasks is itself part of the learning problem. Ev en if domain kno wledge is used in designing the initial structure of the mo dular arc hitecture, it is still necessary for the system to disco er whic exp erts to assign to whic training instances. 108 The mo dular arc hitecture presen ted in this thesis mak es use of comp etition to induce task decomp osition. The comp etition allo ws exp erts to sp ecialize as ell as to extend their applicabilit feel that the comp etition et een exp erts is the essen tial feature of the approac presen ted here and should serv as useful oin of departure for the further dev elopmen of algorithms for learning in mo dular systems. 109 SIMULA TION DET AILS OR CHAPTER This app endix pro vides details ab out the sim ulations rep orted in Chapter 4. Input values| The task bit as set to -1 for the \what" task and to for the \where" task. aining| The eigh ts of all systems ere up dated at eac time step. Desired output alues of 0.1 and 0.9 ere used instead of and 1. ctivation functions| The hidden and output units of all systems used activ ation functions that include the logistic function with asymptotes at and 1. Initial weights| The eigh ts of the single net orks and the exp ert net orks ere initialized with alues randomly selected from uniform distribution er the in terv al ]. The eigh ts of the gating net ork ere initialized to zero. 110 able A.1: arameter alues used in the temp oral crosstalk exp erimen ts. Random training Blo ed training System Step size Momen tum Step size Momen tum 3.00 0.00 0.44 0.75 0.45 0.90 5.25 0.00 5.75 0.00 3.50 6.00 0.00 2.75 Par ameter values emp oral crosstalk exp erimen ts|F or the single net orks trained with the bac k- propagation algorithm, used the step sizes and momen tum that roughly giv the est erformance. These alues are listed in able A.1. or some of the parameters of the mo dular arc hitecture, searc hed for the alues that giv the est eha vior, and for others, didn’t. Sp eci�cally did not attempt to optimize the step size and momen tum of the gating net ork and used in Equation 3.3. These parameters had the alues 0.01, 0.0, and 0.2 resp ectiv ely In addition, although eac exp ert net ork ma ha its wn step size and momen tum, the same alues ere used for all exp ert net orks. Th us, the only parameter alues that attempted to optimize are the step size and momen tum used all exp ert net orks and used in Equation 3.4. These alues are listed in able A.1. Spatial crosstalk exp erimen t|Since no comparisons ere erformed in this set of exp erimen ts, did not attempt to lo cate the optimal parameter alues. 111 Th us, pro vide the alues that ere used, not the alues that are est. or the exp ert net orks, the step size and momen tum ere 8.0 and 0.0. or the gating net orks, the step size as 0.01, momen tum as 0.0, as 0.2, and as 0.75. When the system’s curren erformance as signi�can tly etter than its past erformance, as set to zero. Otherwise, as 10 for ep hs 1{400, for ep hs 401{500, for ep hs 501{600, for ep hs 601{700, for ep hs 701{800, and for ep hs 801{900. 112 SIMULA TION DET AILS OR CHAPTER This app endix pro vides details ab out the sim ulations rep orted in Chapter 5. aining| The eigh ts of all systems ere up dated at eac time step. ctivation functions| The hidden units of all single net orks, exp ert net orks, and share net orks as ell as the output units of the gating net orks used activ ation functions that include the logistic function with asymptotes at and 1. The output units of all single net orks, exp ert net orks, and share net orks used the iden tit function in their activ ation function. If single net ork, exp ert net ork, or share net ork con tained hidden units, then the output of that net ork as considered to 250 times the activ ation of the output units. The desired outputs for suc net ork ere similarly scaled. This as done so that the activ ations of the output units lied in the in terv al [-2, 2] whic is close to the in terv al that con tains the activ ations of the hidden units. 113 Initial weights| The eigh ts of the single net orks, exp ert net orks, and share net orks ere initialized with alues randomly selected from uniform distribution er the in terv al ]. The eigh ts of the gating net orks ere initialized to zero. The units of all net orks except the gating net orks con tained bias eigh t. Par ameter values| or the single net orks, used the step sizes and momen tum that roughly giv the est erformance. or some of the parameters of the mo dular arc hitectures and the mo dular arc hitectures with share net orks, searc hed for the alues that giv the est eha vior, and for others, didn’t. Sp eci�cally did not attempt to optimize the step size and momen tum of the gating net orks and used in Equation 3.3. These parameters had the alues 0.01, 0.0, and 0.2 resp ectiv ely In addition, although eac exp ert and share net ork of system ma ha its wn step size and momen tum, the same alues ere used for all exp ert and share net orks of system. Th us, the only parameter alues that attempted to optimize are the step size and momen tum used all exp ert and share net orks of system and used in Equation 3.4. The parameter alues used are listed in able B.1. 114 able B.1: arameter alues used in the ulti{pa yload rob otics exp erimen ts. System Step size Momen tum N{L 0.00400 0.00 N{NL 0.00225 0.25 MA{L 0.00100 0.00 1.2 MA{NL 0.00165 0.25 2.2 MAS{L 0.00070 0.00 1.3 MAS{NL 0.00075 0.25 1.3 115 SIMULA TION DET AILS OR CHAPTER This app endix pro vides details ab out the sim ulations rep orted in Chapter 6. Input values| The input units of the gating net ork pro vided coarse-co ded represen tation of the alue of The th input unit as set to if 1) 20 1) 20 (C 1) Otherwise, it as set to 0. aining| The eigh ts of all systems ere up dated at eac time step. The �rst system as run for 50,000 time steps. The second and third systems ere run for 100,000 time steps. ctivation functions| The hidden units of all exp ert net orks and the output units of the gating net ork used activ ation functions that include the logistic function with asymptotes at and 1. The output units of all exp ert net orks used the iden tit function in their activ ation function. 116 Initial weights| The eigh ts of the exp ert net orks ere initialized with alues randomly selected from uniform distribution er the in terv al ]. The eigh ts of the gating net ork ere initialized to zero. The units of the exp ert net orks, but not the gating net ork, con tained bias eigh t. Par ameter values Gating net ork|In all three systems, the alues of the parameters of the gat- ing net ork ere: step size 0.01; momen tum 0.0; 0.2 (used in Equa- tion 3.3); 0.6 (used in Equation 3.4). System 1|Both exp ert net orks used step size of 0.005 and momen tum of 0.0. System 2|The step size of the ulti{la er exp ert net ork as 0.1 and the step size of the single{la er exp ert net ork as 0.005. Both exp ert net orks used momen tum of 0.0. When the system’s curren erformance as signi�can tly etter than its past erformance, as set to zero. Otherwise, as 10 for time steps 1{15000, for time steps 15001{30000, for time steps 30001{ 45000, for time steps 45001{60000, for time steps 60001{75000, and for time steps 75001-100000. System 3|Both exp ert net orks used step size of 0.1 and momen tum of 0.0. 117 REFERENCES [1] Albus, J.S. (1975) new approac to manipulator con trol: The cereb ellar mo del articulation con troller (CMA C). Journal of Dynamic al Systems: Me asur ement and Contr ol 97, 220{227. [2] tk eson, C.G. McIn yre, J. (1986) Rob ot tra jectory learning through practice. Pr dings of the IEEE Confer enc on ob otics and utomation 1737{1742. [3] tk eson, C.G. Reink ensmey er, D.J. (1988) Using asso ciativ con ten t{address- able memories to con trol rob ots. Pr dings of the IEEE Confer enc on De cision and Contr ol 792{797. [4] Ballard, D.H. (1984) arameter Nets. rti�cial Intel ligenc 22, 235{267. [5] Ballard, D.H. (1986) Cortical connections and parallel pro cessing: Structure and function. The Behavior al and Br ain Scienc es 9, 67{120. [6] Ballard, D.H. (1987) Mo dular learning in neural net orks. Pr dings of the Sixth National Confer enc on rti�cial Intel ligenc 279{284. [7] Barlo w, H.B. (1986) Wh ha ultiple cortical areas? Vision ese ar ch 26, 81{90. [8] Barlo w, H. F� oldi� ak, (1989) Adaptation and decorrelation in the cortex. In R. Durbin, C. Miall, G. Mitc hison (eds.), The Computing Neur on Reading, MA: Addison{W esley Publishing Compan [9] Barto, A.G. Anandan, (1985) attern{recognizing sto hastic learning au- tomata. IEEE ansactions On Systems, Man, and Cyb ernetics 15, 360{375. 118 [10] Barto, A.G. Jordan, M.I. (1987) Gradien follo wing without bac k{propagation in la ered net orks. Pr dings of the IEEE First nnual Confer enc on Neur al Networks 2, 629{636. [11] Barto, A.G., Sutton, R.S., atkins, C.J.C.H. (1989) Learning and sequen tial decision making. COINS ec hnical Rep ort 89{95, Univ ersit of Massac usetts, Amherst, MA. ersion of this rep ort will app ear in M. Gabriel J.W. Mo ore (eds.), arning and Computational Neur oscienc Cam bridge, MA: The MIT Press, in press. [12] Bridle, J. (1989) Probabilistic in terpretation of feedforw ard classi�cation net ork outputs, with relationships to statistical pattern recognition. In F. ougelman{ Soulie J. Herault (eds.), Neur o{c omputing: lgorithms, chite ctur es, and Applic ations New ork: Springer{V erlag. [13] Co ey A. (1981) Wh are there so man visual areas? In F.O. Sc hmidt, F.G. arden, G. Adelman, S.G. Dennis (eds.), The Or ganization of the Cer ebr al Cortex Cam bridge, MA: The MIT Press. [14] Co ey A. (1985) Asp ects of cortical organization related to selectiv atten tion and selectiv impairmen ts of visual erception: tutorial review. In M.I. osner O.S.M. Marin (eds.), ttention and Performanc XI Hillsdale, NJ: La wrence Erlbaum Asso ciates. [15] Craig, J.J. (1986) Intr duction to ob otics: Me chanics and Contr ol Reading, MA: Addison{W esley Publishing Compan [16] Denk er, J., Sc artz, D., Wittner, B., Solla, S., Hop�eld, J., Ho ard, R., Jac el, L. (1987) Automatic learning, rule extraction, and generalization. Com- plex Systems 1, 877{922. [17] Duda, R.O. Hart, .E. (1973) Pattern Classi�c ation and Sc ene nalysis New ork: John Wiley Sons. [18] Durbin, R. Mitc hison, G. (1990) dimension reduction framew ork for under- standing cortical maps. Natur 343, 644{647. 119 [19] Durbin, R. Willsha w, D.J. (1987) An analogue approac to the tra eling sales- man problem using an elastic net metho d. Natur 326, 689{691. [20] eldman, J.A. (1982) Dynamic connections in neural net orks. Biolo gic al Cyb er- netics 46, 27{39. [21] eldman, J.A. Ballard, D.H. (1982) Connectionist mo dels and their prop erties. Co gnitive Scienc 6, 205{254. [22] dor, J.A. (1983) The Mo dularity of Mind Cam bridge, MA: The MIT Press. [23] reedman, S.A. orster, K.I. (1985) The psyc hological status of ergenerated sen tences. Co gnition 19, 101{131. [24] Gesc wind, N. Galaburda, A.M. (1987) Cer ebr al ater alization: Biolo gic al Me chanisms, Asso ciations, and Patholo gy Cam bridge, MA: The MIT Press. [25] Grossb erg, S. (1987) Comp etitiv learning: rom in teractiv activ ation to adap- tiv resonance. Co gnitive Scienc 11, 23{63. [26] Hampshire, J.B. aib el, A.H. (1989) The meta{pi net ork: Building dis- tributed kno wledge represen tations for robust pattern recognition. ec hnical Re- ort CMU{CS{89{166, Carnegie{Mellon Univ ersit Pittsburgh, A. [27] Hin ton, G.E. (1981) parallel computation that assigns canonical ob ject{based frames of reference. Pr dings of the Seventh International Joint Confer enc on rti�cial Intel ligenc 683{685. [28] Hin ton, G.E. (1981) Shap represen tation in parallel systems. Pr dings of the Seventh International Joint Confer enc on rti�cial Intel ligenc 1088{1096. [29] Hin ton, G.E. (1989) Connectionist learning pro cedures. rti�cial Intel ligenc 40, 185{234. [30] Hornik, K., Stinc hcom e, M., White, H. (1989) Multila er feedforw ard net- orks are univ ersal appro ximators. Neur al Networks 2, 359{366. 120 [31] Jacobs, R.A. (1989) Initial exp erimen ts on constructing domains of exp erience and hierarc hies in connectionist systems. In D. ouretzky G. Hin ton, T. Se- jno wski (eds.), Pr dings of the 1988 Conne ctionist Mo dels Summer Scho ol San Mateo, CA: Morgan Kaufmann Publishers. [32] Jacobs, R.A., Jordan, M.I., Barto, A.G. (1990) ask decomp osition through comp etition in mo dular connectionist arc hitecture: The what and where vision tasks. COINS ec hnical Rep ort 90{27, Univ ersit of Massac usetts, Amherst, MA. [33] Jordan, M.I. (1986) ttractor dynamics and parallelism in connectionist se- quen tial mac hine. Pr dings of the Eighth nnual Confer enc of the Co gnitive Scienc So ciety 531{546. [34] Jordan, M.I. (1986) Serial order: parallel, distributed pro cessing approac h. ec hnical Rep ort ICS{8604, Univ ersit of California at San Diego, La Jolla, CA. ersion of this rep ort will app ear in J.L. Elman D.E. Rumelhart (eds.), dvanc es in Conne ctionist The ory: Sp ch Hillsdale, NJ: La wrence Erlbaum Asso ciates, in press. [35] Jordan, M.I. (1988) Sup ervised learning and systems with excess degrees of free- dom. COINS ec hnical Rep ort 88{27, Univ ersit of Massac usetts, Amherst, MA. [36] Kaas, J.H. (1982) The segregation of function in the nerv ous system: Wh do sensory systems ha so man sub divisions? In W.P Ne� (ed.), Contributions to Sensory Physiolo gy (V olume 7) New ork: Academic Press. [37] Ka ato, M. (in press) 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, .J. erb os (eds.), Neur al Networks for Contr ol Cam bridge, MA: The MIT Press. [38] Ka ato, M., uruk a, K., Suzuki, R. (1987) 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. 121 [39] Kohonen, T. (1982) Self{organized formation of top ologically correct feature maps. Biolo gic al Cyb ernetics 43, 56{69. [40] Kosslyn, S.M. (1987) Seeing and imagining in the cerebral hemispheres: com- putational approac h. Psycholo gic al eview 94, 148{175. [41] le Cun, Y. (1985) Une pro cedure d’appren tissage our reseau sequil as- symetrique [A learning pro cedure for asymmetric threshold net ork]. Pr dings of Co gnitiva 85, 599{604. [42] le Cun, Y. (1989) Generalization and net ork design strategies. ec hnical Rep ort CR G{TR{89{4, Univ ersit of oron to, oron to, On tario. [43] Marr, D. (1982) Vision: Computational Investigation into the Human epr e- sentation and Pr essing of Visual Information New ork: W.H. reeman and Compan [44] Maxw ell, T., Giles, C.L., Lee, Y.C., Chen, H.H. (1986) Nonlinear dynamics of arti�cial neural systems. In J.S. Denk er (ed.), Neur al Networks for Computing, AIP Confer enc Pr dings 151 New ork: American Institute of Ph ysics. [45] McClelland, J.L. (1986) The programmable blac kb oard mo del of reading. In J.L. McClelland, D.E. Rumelhart, the PDP Researc Group, Par al lel Distribute Pr essing: Explor ations in the Micr ostructur of Co gnition. olume 2: Psycho- lo gic al and Biolo gic al Mo dels. Cam bridge, MA: The MIT Press. [46] Miller, W.T. (1987) Sensor based con trol of rob otic manipulators using general learning algorithm. IEEE Journal of ob otics and utomation 3, 157{165. [47] Miller, W.T., Glanz, F.H., Kraft, L.G. (1987) Application of general learning algorithm to the con trol of rob otic manipulators. The International Journal of ob otics ese ar ch 6, 84{98. [48] Minsky M. (1986) The So ciety of Mind New ork: Simon and Sc uster. [49] Mishkin, M., Ungerleider, L.G., Mac o, K.A. (1983) Ob ject vision and spatial vision: Tw cortical path ys. ends In Neur oscienc es 6, 414{417. 122 [50] Mo dy J. Dark en, C.J. (1989) ast learning in net orks of lo cally{tuned pro cessing units. Neur al Computation 1, 281{294. [51] Narendra, K. Thathac har, M.A.L. (1989) arning utomata: Intr duc- tion Englew Cli�s, NJ: Pren tice Hall. [52] No wlan, S.J. (1989) The hard vs soft distinction in comp etitiv adaptation. The- sis Prop osal, Computer Science Departmen t, Carnegie Mellon Univ ersit [53] No wlan, S.J. (1990) Max lik eliho comp etition in RBF net orks. ec hnical Rep ort CR G{TR{90{2, Connectionist Researc Group, Univ ersit of oron to, oron to, On tario. [54] No wlan, S.J. (1990) Maxim um lik eliho comp etitiv learning. In D.S. ouretzky (ed.), dvanc es in Neur al Information Pr essing Systems San Mateo, CA: Morgan Kaufmann Publishers. [55] No wlan, S.J. Hin ton, G.E. (1989) Maxim um lik eliho decision{directed adaptiv equalization. ec hnical Rep ort CR G{TR{89{8, Connectionist Researc Group, Univ ersit of oron to, oron to, On tario. [56] ark er, D.B. (1985) Learning logic. ec hnical Rep ort TR{47, Massac usetts In- stitute of ec hnology Cam bridge, MA. [57] Plaut, D.C. Hin ton, G.E. (1987) Learning sets of �lters using bac k{ propagation. Computer Sp ch and anguage 2, 35{61. [58] oggio, T. Girosi, F. (1989) theory of net orks for appro ximation and learning. A.I. Memo No. 1140, Arti�cial In telligence Lab oratory Massac usetts Institute of ec hnology Cam bridge, MA. [59] ollac k, J.B. (1987) Cascaded bac k{propagation on dynamic connectionist net- orks. Pr dings of the Ninth nnual Confer enc of the Co gnitive Scienc So- ciety 391{404. [60] omerleau, D.A. (1987) The meta{generalized delta rule: new algorithm for learning in connectionist net orks. ec hnical Rep ort CMU{CS{87{165, Carnegie{Mellon Univ ersit Pittsburgh, A. 123 [61] Reggia, J.A. (1987) Prop erties of comp etition{based activ ation mec hanism in neuromimetic net ork mo dels. IEEE First International Confer enc on Neur al Networks 2, 131{138. [62] Ruec kl, J.G., Ca e, K.R., Kosslyn, S.M. (1989) Wh are \what" and \where" pro cessed separate cortical visual systems? computational in estigation. Journal of Co gnitive Neur oscienc 1, 171{186. [63] Rumelhart, D.E., Hin ton, G.E., Williams, R.J. (1986) Learning in ternal rep- resen tations error propagation. In D.E. Rumelhart, J.L. McClelland, the PDP Researc Group, Par al lel Distribute Pr essing: Explor ations in the Mi- cr ostructur of Co gnition. olume 1: oundations Cam bridge, MA: The MIT Press. [64] Rumelhart, D.E. Zipser, D. (1986) eature disco ery comp etitiv learning. In D.E. Rumelhart, J.L. McClelland, the PDP Researc Group, Par al lel Dis- tribute Pr essing: Explor ations in the Micr ostructur of Co gnition. olume 1: oundations Cam bridge, MA: The MIT Press. [65] Sejno wski, T.J. (1981) Sk eleton �lters in the brain. In G.E. Hin ton J.A. An- derson (eds.), Par al lel Mo dels of Asso ciative Memory Hillsdale, NJ: La wrence Erlbaum Asso ciates. [66] Selfridge, O., Sutton, R.S., Barto, A.G. (1985) raining and trac king in rob otics. Pr dings of the Ninth International Joint Confer enc on rti�cial Intel ligenc 670{672. [67] Sutton, R.S. (1986) Tw problems with bac kpropagation and other steep est{ descen learning pro cedures for net orks. Pr dings of the Eighth nnual Con- fer enc of the Co gnitive Scienc So ciety 823{831. [68] Sutton, R.S. (1988) Learning to predict the metho ds of temp oral di�erences. Machine arning 3, 9{44. [69] aib el, A. (1989) Mo dular construction of time{dela neural net orks for sp eec recognition. Neur al Computation 1, 39{46. 124 [70] erb os, .J. (1974) Beyond gr ession: New ols for Pr diction and nalysis in the Behavior al Scienc es PhD thesis, Harv ard Univ ersit Cam bridge, MA. [71] erb os, .J. (1988) Building and understanding adaptiv systems: statisti- cal/n umerical approac to factory automation and brain researc h. IEEE ans- actions of Systems, Man, and Cyb ernetics 17, 7{20. [72] eung, D.Y. Bek ey G.A. (1989) Using con text{sensitiv learning net ork for rob ot arm con trol. Pr dings of the 1989 IEEE Confer enc on ob otics and utomation 3, 1441{1447. [73] uille, A.L. Grzyw acz, N.M. (1989) winner{tak e{all mec hanism based on presynaptic inhibition feedbac k. Neur al Computation 1, 334{347. 125