What are the Computations of the Cereb ellum, the Basal Gangila, and the Cerebral Cortex? Kenji Do y a doya@erato.atr.co.jp Ka w ato Dynamic Brain Pro ject, ERA TO Japan Science and T ec hnology Corp oration 2-2 Hik aridai, Seik a, Soraku, Ky oto 619-0288, Japan Phone: +81-774-95-1210. F ax: +81-774-95-3001. April 26th, 1999 to app ear in Neur al Networks Abstract The classical notion that the cereb ellum and the basal ganglia are dedi- cated to motor con trol is under dispute giv en increasing evidence of their in v olv emen t in non-motor functions. Is it then imp ossible to c haracterize the functions of the cereb ellum, the basal ganglia and the cerebral cortex in a simplistic manner? This pap er presen ts a no v el view that their computa- tional roles can b e c haracterized not b y asking what are the \goals" of their computation, suc h as motor or sensory , but b y asking what are the \meth- o ds" of their computation, sp eci�cally , their learning algorithms. There is curren tly enough anatomical, ph ysiological, and theoretical evidence to supp ort the h yp otheses that the cereb ellum is a sp ecialized organism for sup ervised learning, the basal ganglia are for reinforcemen t learning, and the cerebral cortex is for unsup ervised learning. This pap er in v estigates ho w the learning mo dules sp ecialized for these three kinds of learning can b e assem bled in to goal-orien ted b eha ving sys- tems. In general, sup ervised learning mo dules in the cereb ellum can b e utilized as \in ternal mo dels" of the en vironmen t. Reinforcemen t learning mo dules in the basal ganglia enable action selection b y an \ev aluation" of en vironmen tal states. Unsup ervised learning mo dules in the cerebral cortex can pro vide statistically e�cien t represen tation of the states of the en vironmen t and the b eha ving system. Tw o basic action selection arc hi- tectures are sho wn, namely , reactiv e action selection and predictiv e action 1 selection. They can b e implemen ted within the anatomical constrain t of the net w ork linking these structures. F urthermore, the use of the cereb ellar su- p ervised learning mo dules for state estimation, b eha vioral sim ulation, and encapsulation of learned skill is considered. Finally , the usefulness of suc h theoretical framew orks in in terpreting brain imaging data is demonstrated in the paradigm of pro cedural learning. 1 In tro duction T raditionally , the cereb ellum and the basal ganglia w ere though t to b e dedicated to the con trol of mo v emen t. Ho w ev er, this idea is rapidly losing ground to the corpus of evidence that suggests their in v olv emen t in non-motor tasks (Leiner et al., 1993; Middleton and Stric k, 1994; Desmond and Fiez, 1998; Bro wn et al., 1997; La wrence et al., 1998). Despite the demise of the motor con trol-only dogma, the activit y of the cereb ellum and the basal ganglia in brain imaging studies tends to b e neglected or under-ev aluated, often as the artifacts of motor comp onen ts in the task resp onse. This negligence is not only due to the wide prev alence of the old theory , but also due to the paucit y of alternativ e theories that w ould enable us to comprehend the w a y the cereb ellum and the basal ganglia participate in sensory or cognitiv e tasks (Ito, 1993; Houk, 1997). One c haracteristic feature of the cereb ellum is its highly uniform anatomical organiza- tion (Llinas and W alton, 1998). The c haracteristic m ultiple inhibitory path w a ys are also presen t throughout the parallel circuit of the basal ganglia (Wilson, 1998). The cerebral neo cortex also has a c haracteristic six-la y er organization (Douglas and Martin, 1998). These anatomical features, whic h are preserv ed throughout eac h of these structures, suggest that the cereb ellum, the basal ganglia, and the cerebral cortex are eac h sp ecialized for a certain kind of computation. Ho w ev er, the question ab out their unique \purp oses" of computation, suc h as motor con trol, sensory acquisition, or cognitiv e pro cessing, is ill-p osed b ecause all of these functions dep end on eac h other under a normal b eha vioral con text (Bo w er, 1997). F urthermore, the cereb ellum and the basal ganglia are recipro cally connected to the cere- bral cortex (Figure 1), and the connected areas tend to b e sim ultaneously activ e, making it di�cult to di�eren tiate their roles b y a mere observ ation of their activit y . The approac h tak en in this pap er is to ask what are the unique \metho ds" of computa- tion, namely , the learning algorithms, for whic h the cereb ellum, the basal ganglia, and the cerebral cortex are sp ecialized. The sp eci�c h yp otheses considered in this pap er are that the cereb ellum is a sp ecialized organism for sup ervise d le arning , the basal ganglia is for r ein- for c ement le arning , and the cerebral cortex is for unsup ervise d le arning . In this framew ork, a particular function, suc h as the con trol of arm mo v emen t, can b e realized b y a global net w ork com bining di�eren t learning mo dules in the cereb ellum, the basal ganglia, and the 2

Figure 1: Global net w ork linking the cereb ellum, the basal ganglia, and the cerebral cortex. cerebral cortex. Moreo v er, learning mo dules in the same structure, for example, di�eren t parts of the cereb ellum, can b e used for di�eren t b eha vioral purp oses, for example, for motor con trol and cognitiv e pro cessing, dep ending on where their outputs are directed (Ito, 1993; Middleton and Stric k, 1996; W olp ert et al., 1998). In Section 2, the goals and the algorithms of sup ervised, reinforcemen t, and unsup ervised learning paradigms are summarized. Section 3 summarizes the anatomical, ph ysiological, and theoretical evidence that suggests that the cereb ellum, the basal ganglia, and the cerebral cortex are sp ecialized, resp ectiv ely , in the three learning paradigms review ed in Section 3. In Section 4, a n um b er of global arc hitectures are considered in whic h sup ervised, reinforce- men t, and unsup ervised learning mo dules are assem bled for goal-directed b eha viors. It is also in v estigated whether these arc hitectures can b e implemen ted within the anatomical and ph ysiological constrain ts. In Section 5, exp erimen tal data on the brain activit y during pro- cedural learning tasks are considered in ligh t of the b eha vioral arc hitectures considered in Section 4. Finally , Section 6 pro vides discussions on the issues concerning the learning of global arc hitectures and the regulation of global parameters. 2 Three Basic Learning P aradigms This section presen ts a summary of the form ulations and the algorithms of the three ma jor learning paradigms considered in the computational learning theories, namely , sup ervised 3

Figure 2: Three basic learning paradigms. (A) Sup ervised learning b y error v ectors. (B) Reinforcemen t learning b y scalar rew ard signal. (C) Unsup ervised learning b y statistics of input signal itself. learning, reinforcemen t learning, and unsup ervised learning (Figure 2). This classi�cation is due to the nature of the te aching signals that guide learning: directional err or ve ctors in sup ervised learning, scalar r ewar ds , or r einfor c ement signals, in reinforcemen t learning, and none in unsup ervised learning. 2.1 Sup ervised Learning In the sup ervised learning paradigm (Figure 2A), the goal is to construct an input-output mapping y = F ( x ) (1) that predicts the output y = ( y 1 ; :::; y m ) 0 for an input data p oin t x = ( x 1 ; :::; x n ) 0 . The mapping is found from the examples of the desir e d output ( ^ y (1) ; ^ y (2) ; ::: ) at the input data p oin ts ( x (1) ; x (2) ; ::: ) in order to minimize the exp ected output error, suc h as that in a Euclid norm E x [ jj ^ y � y jj 2 ] : (2) Since the true distribution of the input p ( x ) is usually unkno wn, it is appro ximated b y minimizing the sum of squared errors at sample data p oin ts E = X t jj ^ y ( t ) � y ( t ) jj 2 = X t jj ^ y ( t ) � F ( x ( t ); w ) jj 2 (3) under a certain constrain t on the mapping F , suc h as smo othness (see Bishop (1995) for more details). 4

F or example, when the input-output mapping is represen ted as y i ( t ) = n X j =1 w ij x j ( t ) ; (4) where w ij is a connection w eigh t, the sup ervised learning algorithm is giv en b y the gradien t descen t of the sample error � w ij / � @ E @ w ij = ( ^ y i ( t ) � y i ( t )) x j ( t ) ; (5) where ^ y i ( t ) � y i ( t ) is the output err or . In summary , sup ervised learning is c haracterized b y the parameter up date based on the correlation b et w een the output error and the presynaptic input. 2.2 Reinforcemen t Learning In the reinforcemen t learning paradigm (Figure 2B), a le arning agent tak es an action u ( t ) 2 R m in resp onse to the state x ( t ) 2 R n of the en vironmen t, whic h results in the c hange of the state x ( t + 1) = F ( x ( t ) ; u ( t )) ; (6) and the deliv ery of reinforcemen t signal, or a r ewar d r ( t + 1) = R ( x ( t ) ; u ( t )) : (7) The goal is to �nd a p olicy u ( t ) = G ( x ( t )) ; (8) whic h maximizes the cum ulativ e sum of the rew ards. In general, curren t action u ( t ) a�ects all future states and accordingly all future rew ards. The maximization is realized b y the use of the value function of the states V ( x ) = E [ r ( t + 1) + r ( t + 2) + 2 r ( t + 3) + ::: ] ; (9) where the righ t hand side is ev aluated for the dynamics (6), (7), and (8) with the initial condition x ( t ) = x . The t w o basic ingredien ts in reinforcemen t learning are, �rst, the estimation of the v alue function, and then, the impro v emen t of the p olicy using the v alue function (see Sutton and Barto (1998) for more information). The basic algorithm for learning the v alue function is to minimize the temp or al di�er enc e (TD) err or of the rew ard prediction � ( t ) = r ( t ) + V ( x ( t )) � V ( x ( t � 1)) ; (10) 5 whic h signals the inconsistency of the curren t estimate of the v alue function. F or example, when the v alue function is represen ted as V ( t ) = n X j =1 v j x j ( t ) ; (11) the learning algorithm for the w eigh t v j is giv en b y � v j / � ( t ) x j ( t � 1) : (12) A simple w a y of impro ving the p olicy is to tak e a sto c hastic action u i ( t ) = g ( n X j =1 w ij x j ( t ) + � i ( t )) ; (13) where g () is a gain function and � i ( t ) is a noise term. The TD error � ( t ) as de�ned in (10) then signals the unexp ected deliv ery of the rew ard r ( t ) or the increase in the state v alue V ( x ( t )) ab o v e exp ectation, p ossibly due to the previous c hoice of action u i ( t � 1) . The learning algorithm for the action w eigh t w ij is giv en b y � w ij / � ( t )( u i ( t � 1) � � u i ) x j ( t � 1) ; (14) where � u i is the a v erage lev el of the action output. Th us, the TD error � ( t ) , whic h signals the error in rew ard prediction, w orks as the main teac hing signal in b oth learning of the v alue function and the selection of actions, 2.3 Unsup ervised Learning In the unsup ervised learning paradigm (Figure 2C), only a set of input data ( x (1) ; x (2) ; ::: ) 2 R n is giv en and the goal is to construct a mapping so that the output ( y (1) ; y (2) ; ::: ) 2 R m fully c haracterizes the statistical prop erties of the input. A t ypical form ulation is a maximization of the m utual information b et w een the input and the output H ( x ; y ) = H ( x ) � H ( x j y ) ; (15) where H denotes the entr opy H ( x ) = E [ � log p ( x )] . The m utual information quan ti�es the decrease in uncertain t y ab out input x b y kno wing output y (see Bec k er (1995) for more details). F or example, a t ypical unsup ervised learning algorithm is deriv ed from an ob jectiv e function E = jj x ( t ) � W 0 y ( t ) jj 2 + m X i =1 j y i ( t ) j ; (16) 6 where W is the input-output w eigh t matrix and W 0 denotes its transp ose. The �rst term represen ts the \input reconstruction error" that is minimized when the m utual information is maximized. The second term pro vides a sparseness constrain t that encourages the ma jorit y of output units to sta y close to zero (Harpur and Prager, 1995; Olshausen and Field, 1996). Output y is determined as the �xed p oin t solution of the relaxation dynamics _ y / � @ E @ y = W x � W W 0 y � sign ( y ) : (17) The w eigh ts are up dated b y the gradien t descen t � W / � @ E @ W = y ( x � W 0 y ) 0 = yx 0 � yy 0 W ; (18) whic h is a Hebbian p oten tiation and activit y-dep enden t synaptic deca y . In summary , unsup ervised learning is c haracterized b y the relaxation dynamics for de- termining the output as w ell as the Hebbian synaptic rule under a certain regularization. 3 Learning P aradigms of the Cereb ellum, the Basal Ganglia, and the Cerebral Cortex This section summarizes the anatomical and ph ysiological evidence supp orting the h yp othesis that the cereb ellum, the basal ganglia, and the cerebral cortex are sp ecialized, resp ectiv ely , in sup ervised, reinforcemen t, and unsup ervised learning. 3.1 Sup ervised Learning in the Cereb ellum Anatom y: The circuit of the cereb ellum is c haracterized b y the nearly feed-forw ard struc- ture (Figure 3) with massiv e synaptic con v ergence of gran ule cell axons (parallel �b ers) on to Purkinje cells. There are t w o ma jor input path w a ys: the mossy �b er input and the climbing �b er input from the inferior oliv e (see Llinas and W alton (1998) and DeZeeu w et al. (1998) for details). The mossy �b er input, whic h carries b oth sensory a�eren t and cerebral e�eren t signals, is rela y ed b y a massiv e n um b er of gran ule cells, eac h of whic h com bines di�eren t mossy �b er inputs. The parallel �b er input and the clim bing �b er input con v erge at the Purkinje cells, where eac h Purkinje cell receiv es appro ximately 200,000 parallel �b er inputs and only one clim bing �b er input. The output neurons of the cereb ellum, whic h are lo- cated in the deep cereb ellar n uclei, receiv e inhibitory input from Purkinje cells as w ell as the excitatory mossy �b er input. The connection b et w een the cereb ellar cortex, the cereb ellar n uclei, and the inferior oliv e is highly top ographic. There is a mo dular structure called \microzones," eac h of whic h consists of appro ximately 3,000 Purkinje cells. The outputs of the cereb ellar n uclei are 7

Figure 3: Diagram of cereb ellar circuit. GC, gran ule cells; PC, Purkinje cells; CN, deep cereb ellar n uclei; IO, inferior oliv e; � , excitatory connection; � , inhibitory connection. directed to the o culomotor system, the spinal motor path w a y , and through the thalam us to certain areas in the cerebral cortex, dep ending on the lo cations within the cereb ellar n uclei (Middleton and Stric k, 1998). Ph ysiology: The resp onses of a Purkinje cell to parallel �b er inputs and clim bing �b er input are discerned as t w o di�eren tly shap ed spik es, whic h are called simple spik es and complex spik es. The simple spik e resp onse of the Purkinje cell, whic h is due to the parallel �b er input, enco des mo v emen t related signals, suc h as the acceleration and v elo cit y comp onen ts of ey e mo v emen t command (Shidara et al., 1993; Gomi et al., 1998). The complex spik e resp onse, whic h is generated b y a single spik e of the clim bing �b er, is c haracterized b y its v ery lo w frequency , usually a few spik es p er second. A statistical analysis has sho wn that the clim bing �b er input b est enco des the errors in mo v emen t, for example, the retinal slip signal in ey e mo v emen t con trol (Koba y ashi et al., 1998). The complex spik es are also related to mo v emen t errors in arm reac hing mo v emen t, particularly to w ard the end of the mo v emen t (Kitaza w a et al., 1998). Coinciden t activ ation of the parallel �b er and clim bing �b er inputs induces the long-term depr ession (L TD) of the parallel �b er synapse on to the Purkinje cell (Ito et al., 1982). The cellular and molecular mec hanisms of the L TD ha v e b een studied in detail (Daniel et al., 1998). Theoretical mo dels: The results of these studies suggest that the circuit of the cereb ellum is capable of implemen ting the sup ervised learning paradigm (Marr, 1969; Albus, 1971; Ito, 1984). The massiv e n um b er of gran ule cells can w ork as expansion enco ders of the mossy 8

Figure 4: Diagram of neural circuit of the basal Ganglia. SNc, substan tia nigra, pars com- pacta; SNr, substan tia nigra, pars reticulata; GPi, in ternal segmen t of globus pallidus; GP e, external segmen t of globus pallidus; STN, subthalamic n ucleus; Th, thalam us; � , excitatory connection; � , inhibitory connection. �b er input signal. Their outputs are linearly com bined b y a Purkinje cell, as in (4), and the synaptic w eigh ts are up dated b y (5) with the error signal ^ y i ( t ) � y i ( t ) carried b y the clim bing �b er and the input x j ( t ) carried b y the parallel �b ers (Ka w ato and Gomi, 1992a; W olp ert et al., 1998). The in v olv emen t of the cereb ellum in error-driv en learning b eha viors, suc h as ey e-mo v emen t con trol and conditioned ey e-blinking, has b een exp erimen tally demonstrated (Ito, 1984; Thompson and Krupa, 1994), although there is still con tro v ersy ab out whether the L TD in the parallel �b er-Purkinje cell synapse is the single ma jor substrate of learning (Ra ymond et al., 1996). Houk et al. (1996) ha v e pro vided a review of mo dels of the cereb ellum at di�eren t lev els of abstraction. A n um b er of sim ulation and rob otic exp erimen ts ha v e con�rmed the usefulness of su- p ervised learning in cereb ellum-lik e net w orks in motor con trol tasks (F ujita, 1982; Ka w ato et al., 1987; Gomi and Ka w ato, 1992; Kettner et al., 1997; Sc h w eighofer et al., 1998). An imp ortan t issue in sup ervised learning is the time dela y in the deliv ery of the error signal, whic h can b e circum v en ted b y in tro ducing an \eligibilit y trace" for synaptic plasticit y (Houk and Alford, 1996; Sc h w eighofer et al., 1996; Kettner et al., 1997). 3.2 Reinforcemen t Learning in the Basal Ganglia Anatom y: The circuit of the basal ganglia is c haracterized b y m ultiple inhibitory path w a ys, as illustrated in Figure 4. The striatum (the caudate n ucleus and the putamen) receiv es the main input from the cerebral cortex. The striatum consists of t w o compartmen ts: the 9 striosome that sends output to the dopamine neurons in SNc and the matrix that sends output to GPi and SNr (see the legend in Figure 4 for complete terms). There are b oth direct and indirect path w a ys that w ork in a complimen tary manner. The dopamine neurons in SNc send pro jection bac k to b oth compartmen ts of the striatum. Those dopaminergic terminal are found in the presynaptic terminals of the cortico-striatal connection. The outputs of GPi and SNr are directed through the thalam us to sp eci�c areas in the cerebral cortex. There are m ultiple lo ops starting from the cerebral cortex, through the basal ganglia and the thalam us, and bac k to the cerebral cortex (Alexander and Crutc her, 1990). It has recen tly b een sho wn that the pro jection from the GPi through the thalam us to the cortex is highly top ographic, and th us the basal ganglia are comp osed of m ultiple \output c hannels" (Middleton and Stric k, 1994; Middleton and Stric k, 1996). Ph ysiology: Data from neuronal recording and lesion studies indicate that the basal ganglia are in v olv ed in learning and execution of goal-directed, sequen tial b eha vior (Gra ybiel, 1995; Miy ac hi et al., 1997). Neurons in the striatum and the global pallidus sho w activities at di�eren t timings for the sensory-motor b eha viors (Sc h ultz et al., 1995). \T onically activ e neurons" in the striatum sho w a phasic pause of spiking when an animal detects sensory cues that signals the deliv ery of a rew ard (Aosaki et al., 1994). The dopamine neurons in SNc, whic h send output to the striatum, sho w phasic increase in �ring when an animal is giv en an unexp ected rew ard or a sensory cue that signals the deliv ery of a rew ard in the near future (Sc h ultz et al., 1993; Sc h ultz, 1998). The plasticit y of the cortical input to the striatum is kno wn to b e mo dulated b y the dopamine. It w as sho wn that the coinciden t cortical input and the dep olarization in a striatal neuron induce long-term depression (L TD) of the cortico-striatal synapse, pro vided that there are enough lev el of dopamine (Calabresi et al., 1996). F urthermore, long-term p oten tiation (L TP) instead of L TD is observ ed when the coincidence of cortical input and p ostsynaptic dep olarization is also asso ciated with a phasic dopamine release (Wic k ens et al., 1996). Theoretical mo dels: Based on the rew ard predicting activit y of dopamine neurons and the c hange of b eha vior in the course of task learning, it has b een suggested that the basal ganglia is in v olv ed in reinforcemen t learning, in whic h the dopamine neuron activit y enco ding the rew ard prediction error � ( t ) in (10) (Mon tague et al., 1996; Sc h ultz et al., 1997). More sp eci�cally , it is suggested that the striosome compartmen t w orks as the v alue prediction mec hanism while the matrix compartmen t w orks as the action selection mec hanism (Barto, 1995; Houk et al., 1995). The capabilit y of reinforcemen t learning mo dels of the basal ganglia to replicate sequence learning b eha viors has b een demonstrated (Dominey et al., 1995; Nak ahara et al., 1997; Nak ahara et al., 1998; Suri and Sc h ultz, 1998; Berns and Sejno wski, 1998). 10

Figure 5: Diagrams of neural circuit of the cerebral cortex. P , p yramidal neurons; S, spin y stellate neurons; I, inhibitory in terneurons; � , excitatory connection; � , inhibitory connection. 3.3 Unsup ervised Learning in the Cerebral Cortex Anatom y: A remark able anatomical feature of the cerebral neo cortex is the la y ered orga- nization and the massiv e recurren t connections (Figure 5; see Douglas and Martin (1998) for details). The cerebral cortex is sub divided in to man y functional areas, where eac h area represen ts the sensory , motor, or con textual information in di�eren t mo dalities and frames of references (v an Essen and Maunsell, 1983; Andersen, 1995; Graziano et al., 1997). Ph ysiology: Neurons in the cortex are w ell c haracterized b y their sp eci�c resp onse tuning, for example, to the orien tation and color of the visual stim uli in the visual cortex. The resp onse tuning of the cortical neurons is highly dep enden t on the sensory exp erience (Hirsc h and Spinelli, 1970; Blak emore and Co op er, 1970). The cortical synapses ha v e b een sho wn to follo w a Hebbian-t yp e plasticit y rule: they are p oten tiated when the presynaptic input is asso ciated with the p ostsynaptic resp onse (e.g., calcium ion in ux) but depressed when it is not asso ciated with p ostsynaptic resp onse (Tsumoto and Suda, 1979; Artola et al., 1990). Theoretical mo dels: These prop erties strongly suggest that the information co ding in the cerebral cortical areas are established b y the unsup ervised learning paradigm in whic h the activit y is determined b y a relaxation dynamics (e.g., as in (17)) and the synapses are up date b y a Hebbian rule (e.g., as in (18)). There ha v e b een man y learning and dev elopmen t mo dels of resp onse tuning in corti- cal neurons based on Hebbian synaptic mec hanisms (v on der Malsburg, 1973; Amari and T ak euc hi, 1978; Grossb erg, 1976; F ukushima, 1980; Kohonen, 1982). Other mo dels ha v e used information theoretic form ulation of unsup ervised learning (Linsk er, 1986; Sanger, 1989; Bell and Sejno wski, 1997; Olshausen and Field, 1996). 11

4 Global Arc hitectures for Adaptiv e Beha viors The neural circuits of in v ertebrates can p erform amazingly sophisticated functions despite their small size (Stein et al., 1997), since they are highly optimized for sp eci�c b eha viors as a result of ev olutionary pro cesses. In con trast, the most recen tly dev elop ed areas of the mammalian brain, namely , the cereb ellum, the basal ganglia, and the cerebral cortex, app ear to b e sp ecialized for implemen tations of sp eci�c learning algorithms, namely , sup ervised, reinforcemen t, and unsup ervised learning, rather than b eing genetically preprogrammed for a �xed rep ertoire of b eha viors. Eac h of the three structures has mo dular organization: microzones in the cereb ellum, output c hannels in the basal ganglia, and cytoarc hitectonically de�ned areas and columnar organization in the cerebral cortex. This section explores the p ossible global arc hitectures in whic h the mo dules sp ecialized in sup ervised, reinforcemen t, and unsup ervised learning are com bined in to a goal-directed b e- ha ving system. Candidates of suc h global arc hitectures are found in the theories of dynamic programming (Bertsek as and Tsitsiklis, 1996), reinforcemen t learning (Sutton and Barto, 1998), adaptiv e con trol (Narendra and P arthasarath y , 1990), and adaptiv e signal pro cessing (Ha ykin, 1996). It is also considered whether suc h global arc hitectures can b e implemen ted under the constrain ts of brain anatom y . The general construction principles are the follo wing. 1. Sup ervised learning mo dules in the cereb ellum can b e used as the internal mo del of the en vironmen t (Ka w ato and Gomi, 1992b; W olp ert et al., 1998) and short-cut mo dels of input-output mappings that ha v e b een acquired elsewhere in the brain (Ito, 1993). 2. Reinforcemen t learning mo dules in the basal ganglia are used to ev aluate the giv en state and to select an action based on the ev aluation. 3. Unsup ervised learning mo dules in the cerebral cortex w ork as the medium for rep- resen ting the state of the external en vironmen t or the in ternal con text. They also pro vide the common represen tational basis for the cereb ellum and the basal ganglia, b et w een whic h there are no direct anatomical connections. 4.1 Reactiv e Action Selection The most primitiv e adaptiv e action selection is implemen ted b y the actor-critic arc hi- tecture (Barto et al., 1983) illustrated in Figure 6. A sto c hastic p olicy G is implemen ted in the actor net w ork (13). The critic monitors the state of the en vironmen t and estimates the v alue function V ( x ) for the curren t p olicy . 12

Figure 6: Mo del-free, sto c hastic action selection. This basic reinforcemen t learning arc hitecture can b e implemen ted in the net w ork linking fron tal cortical areas, suc h as the supplemen tary motor area, and the basal ganglia, with the striatal striosome compartmen t implemen ting the critic and the matrix compartmen t implemen ting the actor (Barto et al., 1995; Houk et al., 1995). It is essen tial that an appropriate enco ding of the state x and the action u b e a v ailable for suc h a simple reinforcemen t learning arc hitecture to w ork e�cien tly . The cerebral cortical areas whic h send the input to and receiv e the output from the basal ganglia can subserv e the function of state and action enco ding based on the unsup ervised learning paradigm. 4.2 Predictiv e Action Selection Another action selection strategy based on the v alue function is to use it in conjunction with a mo del of the en vironmen tal dynamics. According to the theory of dynamic programming, the optimal action can b e tak en from the v alue function that satis�es the Bel lman e quation V ( x ( t )) = max u ( t )[ r ( t + 1) + V ( x ( t + 1))] : (19) Here, the immediate future rew ard is predicted b y a rew ard mo del r ( t + 1) = R ( x ( t ) ; u ( t )) (20) and the future state x ( t + 1) is predicted b y the en vironmen tal mo del x ( t + 1) = F ( x ( t ) ; u ( t )) : (21) 13

Figure 7: Action selection with a forw ard mo del. Giv en suc h a v alue function V , the b est action can b e selected as the one that maximizes the righ t-hand side of the Bellman equation (19), i.e., the action that maximizes the predicted sum of immediate and future rew ards. 4.2.1 Discrete Mo del-based Action Selection In the tasks that in v olv e the selection of discrete actions, it is p ossible to compare the righ t-hand side of (19) for eac h candidate action and then execute the action that maximizes it. One implemen tation of suc h an action selection is to consider a candidate action u � ( t ) one at a time, predict the resulting future state x � ( t + 1) and its v alue V ( x � ( t + 1)) , and accept it for execution if it is go o d enough. Figure 7 illustrates a simple implemen tation of this serial action selection mec hanism. In this case, whether the candidate action is go o d enough for execution is determined b y � � ( t + 1) = R ( x ( t ) ; u ( t )) + V ( x � ( t + 1)) � V ( x ( t )) ; (22) whic h has the same form as the TD error (10). It is p ossible for suc h an arc hitecture to b e implemen ted in the net w ork linking the prefron tal and rostral premotor areas, the lateral cereb ellum, and the basal ganglia as sho wn in Figure 7. The prefron tal and the rostral premotor areas as w ell as the lateral cereb ellum 14

Figure 8: Di�eren tial mo del-based action selection. are kno wn to b e activ ated during imagery of b o dy mo v emen t and during men tal op erations suc h as mathematical calculation (Deib er et al., 1998; Ruec k ert et al., 1996). Th us, the lo op consisting of the lateral cereb ellum and the prefron tal and rostral premotor cortex should b e capable of predicting the outcome of a h yp othetical action. These cortical areas also send pro jection to the an terior part of the basal ganglia, where the m ultiple inhibitory path w a ys should enable the computation of the predictiv e TD error (22) enco ded in the activit y of the dopamine neurons. In fact, the an terior basal ganglia, the pre-SMA, and the prefron tal cortex ha v e b een sho wn to b e preferen tially in v olv ed in learning a new sequen tial mo v emen t b y trial and error in b oth animal lesion studies (Miy ac hi et al., 1997) and h uman imaging studies (Hik osak a et al., 1995; Sak ai et al., 1998). 4.2.2 Di�eren tial mo del-based action selection When con tin uous actions are considered, action selection based on the Bellman equation (19) is ac hiev ed b y di�eren tiating the maximization term for action u and making it zero, namely @ R ( x ; u ) @ u + @ V ( x ) @ x @ F ( x ; u ) @ u = 0 : (23) By assuming that the rew ard (cost) for the action u is quadratic, the term @ R ( x ; u ) @ u b ecomes a linear function of u and th us the optimal action is giv en b y u / @ F ( x ; u ) @ u 0 @ V ( x ) @ x 0 : (24) 15

In this equation, @ V ( x ) @ x 0 represen ts the steep est ascen t direction of the v alue function, whic h can b e regarded as the \desired" mo v emen t direction. The input gain matrix @ F ( x ; u ) @ u 0 , whic h can b e regarded as a lo cal in v erse dynamic mo del, con v erts this mo v emen t direction in to action direction (Do y a, 1996). The corresp onding net w ork arc hitecture is illustrated in Figure 8. Suc h a con trol arc hitecture could p ossibly b e implemen ted in the global net w ork linking the basal ganglia, the primary motor cortex (M1), and the lateral cereb ellum, as sho wn in Figure 8. M1 is recipro cally connected to b oth the cereb ellum and the basal ganglia. Geor- gop oulos (1995) and Scott (1997) ha v e observ ed cellular resp onses enco ding b oth mo v emen t direction and m uscular activities. The input gain @ F ( x ; u ) @ u 0 could p ossibly b e implemen ted in the lateral cereb ellum b y sup er- vised learning of state c hange _ x for action u ( t ) . Although there is supp ort for the h yp othesis that the v alue function V ( x ) is learned in the basal ganglia (Barto et al., 1995), it is not cer- tain whether the gradien t @ V ( x ) @ x of the v alue function can b e calculated in the basal ganglia. Ho w ev er, it ma y b e p ossible to learn to appro ximate suc h a quan tit y b y w a y of the temp oral di�eren tial form ula _ V = @ V ( x ) @ x _ x . This arc hitecture shares the same features with the previously prop osed mo del of the lim b premotor net w ork (Houk et al., 1993), in that there is no explicit desired tra jectory cal- culation and the detailed motor command is generated in the recipro cal connection b et w een the motor cortex and the cereb ellum. 4.3 Mo dels for Prediction, Sim ulation, and Encapsulation Let us no w consider sev eral w a ys of utilizing cereb ellar sup ervised learning mo dules in con- junction with an y of the ab o v e action selection arc hitectures. 4.3.1 Mo del-based state estimation One big c hallenge in the con trol of mo v emen t is the existence of feedbac k dela ys and hidden states. The basic assumption in the ab o v e action arc hitectures is that the information necessary for ev aluation and action selection is readily a v ailable in the form of the state v ector x ( t ) . One p ossible role of the cereb ellum and the cerebral cortex is to pro vide the estimate of the curren t state despite the dela y ed, noisy , and/or degenerate sensory inputs. This could p ossibly b e implemen ted b y the net w ork dynamics within the cortical areas or b y the net w ork linking the cerebral cortex and the cereb ellum, whic h is supp osed to pro vide the mo del of the en vironmen tal dynamics (W olp ert et al., 1998), as sho wn in Figure 9. T ypical examples of state estimation using dynamic mo dels are the Smith predictor (Miall et al., 1993) and the Kalman �lter (P aulin, 1993). 16

Figure 9: Comp ensation of sensory feedbac k dela y with a forw ard mo del. The thic k arro w represen ts either of the state-to-action mapping b y the arc hitectures sho wn in Figures 6, 7, and 8. Suc h mo del-based estimation of the external state is useful not only for motor execution, but also for sensory acquisition that in v olv es a comparison of actual and exp ected sensory outcome, for example, somatosensory ob ject recognition (Gao et al., 1996) and judgmen t of precise timing (Ivry , 1996). 4.3.2 Sim ulation in the virtual en vironmen t In the mo del-based, predictiv e action selection arc hitecture ab o v e, w e only considered a single-step planning of action. Ho w ev er, pro vided that the n um b er of p ossible actions are small and that there is enough w orking memory capacit y and time for decision making, it is p ossible to extend suc h mec hanisms to m ultiple-step prediction and ev aluation. It is also p ossible to use suc h an in ternal mo del of en vironmen t not only for on-line action selection but also for the impro v emen t of the v alue function and the p olicy based on the sim ulated exp eriences, as illustrated in Figure 10. Suc h o�-line learning could enable learning a b eha vior from a v ery limited n um b er of actual exp eriences, although its success dep ends strongly on the accuracy of the en vironmen tal mo del. 4.3.3 Encapsulating learned mappings Man y of the discussed con trol and decision arc hitectures in v olv e global comm unication b et w een the cereb ellum, the basal ganglia, and the cerebral cortex, and this can b e quite costly in the hardw are resources and pro cessing time. These arc hitectures are useful for 17

Figure 10: Sim ulation of b eha vior using a forw ard mo del instead of the real en vironmen t. Figure 11: Encapsulation of complex decision pro cess in a simple reactiv e mapping. 18 learning a new task, but once it has b een w ell learned, it is more adv an tageous to store the learned p olicy in a lo cal circuit for compact storage, reliable execution, and quic k reaction. F or example, sup ervised learning mo dules in the medial part of the cereb ellum, whic h receiv es the spinal sensory a�eren ts and sends out motor commands to the spinal cord and primary motor cortex, are a candidate for a rep ository of learned sensory-motor mapping (Figure 11). F or example, in arm mo v emen t con trol, the output the cortical feedbac k path w a y could b e used as the teac her signal for the cereb ellum. In this case, the cereb ellum serv es as a direct con troller (Barto et al., 1996), or an in v erse mo del of the arm dynamics (Ka w ato et al., 1987; Sc h w eighofer et al., 1998). Similarly , sup ervised learning mo dules in the lateral part of the cereb ellum, whic h are recipro cally connected to di�eren t parts of the fron tal cortex including the prefron tal cortex, are a candidate for the rep ository of more abstract state-action mapping that w as originally acquired using the global net w ork, as illustrated in Figure 7. Suc h encapsulation of learned mapping is useful for robust storage and quic k reaction, and it frees a large p ortion of the brain from the task already learned so that these p ortions of the brain can b e used to learn new tasks. 5 Brain Activ ation in Sequence Learning The c haracterization of sp eci�c computations for the cereb ellum, the basal ganglia, and the cerebral cortex and their p ossible com binations as a global learning arc hitecture migh t b e useful in inferring the sp eci�c roles of the activ ated areas in brain imaging studies. The results of functional imaging exp erimen ts on sequence learning are in v estigated in view of the arc hitectures listed ab o v e. 5.1 Implicit Learning In an implicit sequence learning task paradigm, sub jects w ere ask ed to p erform simple actions (usually press buttons), initially b y follo wing cues sho wn in random order. Then, the order of cues (th us the actions) w as �xed in a particular sequence or generated according to a certain grammar. As a sub ject rep eated the regular sequence, the reaction time for pressing buttons b ecame shorter ev en when the sub ject w as not a w are of an y particular order or grammar. T able 1A summarizes the activ ation in the cereb ellum, the basal ganglia, and the fron tal cortex during suc h implicit sequence learning. The most consisten t activit y w as found in the basal ganglia. In view of the global arc hitectures, the result is compatible with the reactiv e arc hitecture sho wn in Figure 6, whic h do es not use an explicit mo del of the en vironmen tal dynamics, in this case the button sequence. 19

T able 1: Activ ations of prefron tal cortex, premotor cortex, basal ganglia, and cereb ellum in sequence learning tasks. Abbreviations: r., righ t; l., left; b., bilateral; a., an terior; v., v en tral., DLPF, dorsolateral prefron tal cortex; PM, premotor area; SMA, supplemen tary motor area, GP , global pallidus. Prefron tal Premotor Basal ganglia Cereb ellum A. Implicit Learning Grafton et al. (1995) b.SMA b.putamen r.den tate Rauc h et al. (1995) r.PM r.striatum Do y on et al. (1996) r.v.striatum r.den tate Berns et al. (1997) l.PM r.v.striatum Grafton et al. (1998) r.SMA B. Exploratory Learning Jenkins et al. (1994) b. b.PM b.cortex b.n uclei Hik osak a et al. (1996) preSMA Jeuptner et al. (1997) b. b.PM b.caudate b.cortex b.GP b.n uclei Sak ai et al. (1998) l.DLPF preSMA 5.2 Sequence Learning b y Exploration Let us no w fo cus on sequence learning b y trial and error. Sub jects w ere ask ed to learn the righ t sequen tial mo v emen ts (usually pressing buttons with �ngers) b y activ ely searc hing for the righ t order. Although suc h a task can b e learned with the simple sto c hastic learning arc hitecture sho wn in Figure 6, more e�cien tly learning is p ossible with the predictiv e mo del of the task, as sho wn in Figure 7. F or example, it is p ossible to a v oid making the same errors with the abilit y to predict the outcome of the action tak en previously . Suc h predictiv e action selection is particularly useful early in the learning pro cess b efore a stereot yp ed reaction is established. T able 1B summarizes the areas activ ated during suc h exploratory sequence learning. Prominen t activ ations w ere found in the prefron tal cortex and the rostral premotor areas. This is compatible with the predictiv e action selection arc hitecture sho wn in Figure 7, whic h relies on the state prediction presen ted in the prefron tal and premotor cortex. 6 Discussion This pap er presen ted a h yp otheses in whic h the cereb ellum, the basal ganglia, and the cerebral cortex are, resp ectiv ely , sp ecialized in sup ervised, reinforcemen t, and unsup ervised 20 learning paradigms. First, the anatomical, ph ysiological, and theoretical supp ort for the h yp othesis w as outlined. Then, a n um b er of global arc hitectures for goal-orien ted b eha viors w ere considered with the com bination of those learning mo dules within biological constrain ts. 6.1 Previous Mo dels Despite the w ealth of the mo dels for the cereb ellum, the basal ganglia, and the cerebral cortex, there ha v e b een few attempts at c haracterizing the sp eci�c computations in these three brain areas in a uni�ed framew ork. Thac h et al. (1993) compared the roles the cereb ellum and the basal ganglia and con- cluded that the cereb ellum is in v olv ed in com bining primitiv e mo v emen ts and that the basal ganglia is in v olv ed in the inhibition and disinhibition of primitiv e or complex mo v emen ts. Mushiak e (1995) ga v e a nice review of anatomical and ph ysiological �ndings that p oin t to di�eren t functions of the cereb ellum, the basal ganglia, and the cerebral cortex. Houk and Wise (1995) emphasized the distributed nature of the op eration of the net w orks liking the basal ganglia, the cereb ellum and the cerebral cortex and c haracterized their ma jor functions as \con text recognition" for the basal ganglia, \pattern generation" for the cereb el- lum, and \information stores" for the cerebral cortex. Ho w ev er, they men tioned di�erences in the nature of computations for the evidence in supp ort of their ideas: sup ervised learning in the cereb ellum, reinforcemen t learning in the basal ganglia, and attractor dynamics in the cerebral cortex. The no v el features in the curren t prop osal are: 1) the di�erences in the computational paradigms are the primary di�erences in the three structures, and 2) the theory is based on sound mathematical framew orks, including dynamic programming, reinforcemen t learning, and adaptiv e con trol. The �rst p oin t enables a v ery simple and coheren t c haracterization of the three structures. The second p oin t enables a systematic exploration of the p ossible w a ys of their in teractions. These mo dels are useful b oth in in terpreting the existing exp erimen tal data and in planning new b eha vioral exp erimen ts. F urthermore, it is p ossible to test the p erformance of those arc hitectures in a realistic sim ulation of exp erimen tal paradigms. One suc h example is seen in the mo del of sequence learning b y Nak ahara et al., (1998). They succeeded in replicating the exp erimen tal results from a \2x5 task" based on the assumption that the lo ops connecting the basal ganglia and the cerebral cortex w ork as the \actor-critic" arc hitecture (Figure 6) and that di�eren t cortical areas pro vide the sensory and con textual information in di�eren t frames of reference. 21

6.2 Cerebral and Cereb ellar Mappings One of the ma jor functions of the cereb ellum is to pro vide a mo del or mapping b et w een sensory-motor represen tations. Ho w ev er, it is w ell kno wn that di�eren t cortical areas ha v e di�eren t maps that capture di�eren t asp ects of the sensory and motor state, for exam- ple, a visuo-motor target in di�eren t frames of references (Sn yder et al., 1998; Graziano et al., 1997). Th us, the connection b et w een di�eren t cortical areas can w ork as a c o or dinate tr ansformation system. What are the essen tial di�erence b et w een cortical and cereb ellar mapping? As describ ed in Section 2, unsup ervised learning is based on the statistic al prop erties of the signals and a solution dep ends on iterativ e net w ork dynamics and is quite con text dep enden t. On the other hand, a deterministic function of the curren t input is learned in the feed-forw ard cereb ellar circuit. Th us, a cereb ellar mapping can w ork as a short-cut circuit or a lo ok-up table for a mapping that w as originally dev elop ed b y the time-consuming cortico-cortical pro cessing. Suc h a mec hanism is esp ecially useful when the same mapping is used rep eatedly for time critical tasks, for example, in v erse kinematic and in v erse dynamic mappings for arm mo v emen t. 6.3 Cognitiv e T asks In this pap er, the considerations w ere mainly made in the con text of motor con trol, but similar arc hitectures could also b e utilized for cognitiv e functions including logical inference and comm unication. F or example, in mathematical problem-solving, sequen tial selection of arithmetic op erations on sym b olic represen tations can b e implemen ted b y the predictiv e decision arc hitecture sho wn in Figure 7. After rep eated problem solving, the searc h pro cess can b e skipp ed b y using the problem-solution mapping learned in the cereb ellum, as sho wn in Figure 11. In the con text of comm unication, the \en vironmen t" is the partner of comm unication and the goal is to bring the ph ysical or in ternal state of the partner in to a desired state. This in v olv es sequen tial selection of actions, i.e., w ords or gestures, in an appropriate sequence, in the same w a y as in the case of man y con trol tasks. When the mo del of the partner is a v ailable, the goal can b e ac hiev ed more readily and quic kly . If the in ternal mo dels of the sp eak er and listener are similar, comm unication is made e�cien t. e�cien t. Actually , the brain areas that are activ ated in complex motor tasks are also activ ated in cognitiv e or v erbal tasks (Mellet et al., 1996; Ruec k ert et al., 1996). Th us, w e p ostulate that the curren t in v estigation of b eha vioral arc hitectures and their brain implemen tation is not only applicable to motor tasks but also to cognitiv e tasks including comm unication. Predictiv e action selection arc hitecture (Figure 7) has b een extensiv ely used in traditional 22 arti�cial in telligence (AI) researc h. Classical AI approac hes to an understanding of h uman cognitiv e functions failed b ecause these approac hes usually to ok in to accoun t only a single or a few p ossible arc hitectures for problem solving. The massiv ely parallel organization of the brain enables the use of man y di�eren t strategies for the same task. It is essen tial to consider the pro cess in whic h a delib erate, in tensiv e task turns in to a trivial, automatic task after rep eated training. 6.4 Who Decides the Arc hitecture? This pap er has presen ted useful mo dule com binations but has not considered \ho w" suc h appropriate mo dules are pic k ed up from the cereb ellum, the basal ganglia, and the cerebral cortex and are assem bled in to a global net w ork. The genetic information of area to area connections is certainly imp ortan t, but it do es not explain ho w the exact net w orks for no v el, learned b eha viors is set up. T raditionally , the c entr al exe cutive w as supp osed to undertak e the task of activ ating and connecting appropriate pro cessing mo dules (Baddeley , 1992). Ho w ev er, its computational principle and biological substrate is unkno wn. Prop onen ts of subsumption ar chite ctur es w ould reject the need for suc h a cen tralized pro cess. They ha v e demonstrated the recruitmen t of appropriate mo dules b y simple rules (Bro oks, 1991). Ho w ev er, the w a y di�eren t mo dules are activ ated and preceded is usually pre-wired in man y rob otic demonstrations. An alternativ e p ossibilit y is that the comp etitiv e learning mec hanism in the cerebral cortex is utilized for the selection of appropriate mo dules for the en vironmen tal state and the goal of the task (Houk and Wise, 1995). Recen tly , a computational framew ork of selecting and com bining m ultiple con trol mo dules based on the p erformances of the m ultiple predictiv e mo dels has b een prop osed (W olp ert and Ka w ato, 1998; W olp ert et al., 1998). Suc h a mo dular arc hitecture could p ossibly b e implemen ted b y a net w ork linking the cereb ellum and the prefron tal and rostral premotor cortex. An activ ation of the preSMA and the rostral cingulate motor area (CMAr) at the time of c hange in the motor plan is in accordance with suc h a p ossibilit y (Shima et al., 1996; Shima and T anji, 1998). 6.5 Who Sets the P arameters? The p erformance of an y learning algorithm dep ends on the setting of some global param- eters, suc h as the learning rates. The appropriate v alues of suc h parameters are usually task dep enden t and therefore ha v e to b e under activ e regulation. In the framew ork of rein- forcemen t learning, suc h global parameters include the time scale of an ev aluation (discoun t factor), the size of the noise for exploration (temp erature), the magnitude of cost for action, and the learning rates. Ho w do es the brain appropriately set suc h parameters? 23

This is still an op en problem, but the lik ely candidates are the di�use ascending pro jec- tions from the midbrain n uclei to the cereb ellum, the basal ganglia, and the cerebral cortex. F or example, the noradrenergic system is kno wn to mo dulate the sharpness of neural re- sp onses (Usher et al., 1999), whic h is similar to the role of temp erature in man y learning algorithms. The lev el of serotonin a�ects the sub ject’s activ eness, whic h is reminiscen t of the role of the action cost parameter. The c holinergic and noradrenergic input is kno wn to reg- ulate the synaptic plasticit y of the cortical neurons (Bro c her et al., 1992). Computational studies of regulatory mec hanisms for learning systems, or meta-learning, w ould pro vide a theoretical basis for understanding the roles of emotional systems in regulating b eha vioral learning. Ac kno wledgmen ts I thank Mitsuo Ka w ato, T ak ashi Omori, and t w o anon ymous review ers for their commen ts on the man uscript. I am grateful to Minoru Kim ura, James Houk, Okihide Hik osak a, Hiro Nak ahara, Ann Gra ybiel, Jun T anji, and Manabu Honda for their helpful discussions. References Albus, J. S. (1971). A theory of cereb ellar function. Mathematic al Bioscienc e , 10:25{61. Alexander, G. E. and Crutc her, M. D. (1990). F unctional arc hitecture of basal ganglia circuits: neural substrates of parallel pro cessing. T r ends in Neur oscienc e , 13:266{271. Amari, S. and T ak euc hi, A. (1978). Mathematical theory on formation of category detecting nerv e cells. Biolo gic al Cyb ernetics , 29:127{136. Andersen, R. A. (1995). Enco ding of in ten tion and spatial lo cation in the p osterior parietal cortex. Cer ebr al Cortex , 5:457{469. Aosaki, T., Tsub ok a w a, H., W atanab e, K., Gra ybiel, A. M., and Kim ura, M. (1994). Resp onses of tonically activ e neurons in the primate’s striatum undergo system- atic c hanges during b eha vioral sensory-motor conditioning. Journal of Neur oscienc e , 14:3969{3984. Artola, A., Bro c her, S., and Singer, W. (1990). Di�eren t v oltage-dep enden t thresholds for inducing long-term depression and long-term p oten tiation in slices of rat visual cortex. Natur e , 347:69{72. Baddeley , A. D. (1992). W orking memory . Scienc e , 255:556{559. Barto, A. G. (1995). Adaptiv e critics and the basal ganglia. In Houk, J. C., Da vis, J. L., and Beiser, D. G., editors, Mo dels of Information Pr o c essing in the Basal Ganglia , pages 215{232. MIT Press, Cam bridge, MA, USA. Barto, A. G., Bradtk e, S. J., and Singh, S. P . (1995). Learning to act using real-time dynamic programming. A rti�cial Intel ligenc e , 72:81{138. Barto, A. G., Buc kingham, J. T., and Houk, J. C. (1996). A predictiv e switc hing mo del of cereb ellar mo v emen t con trol. In T ouretzky , D. S., Mozer, M. C., and Hasselmo, M. E., 24 editors, A dvanc es in Neur al Information Pr o c essing Systems 8 , pages 138{144. MIT Press, Cam bridge, MA. Barto, A. G., Sutton, R. S., and Anderson, C. W. (1983). Neuronlik e adaptiv e elemen ts that can solv e di�cult learning con trol problems. IEEE T r ansactions on Systems, Man, and Cyb ernetics , 13:834{846. Bec k er, S. (1995). Unsup ervised learning with global ob jectiv e functions. In Arbib, M. A., editor, The Handb o ok of Br ain The ory and Neur al Networks , pages 997{1000. MIT Press, Cam bridge, MA, USA. Bell, A. J. and Sejno wski, T. J. (1997). The indep enden t comp onen ts of natural scenes are edge �lters. Vision R ese ar ch , 37:3327{3338. Berns, G., Cohen, J. D., and Min tun, M. A. (1997). Brain regions resp onsiv e to no v elt y in the absence of a w areness. Scienc e , 276:1272{1275. Berns, G. S. and Sejno wski, T. J. (1998). A computational mo del of ho w the basal ganglia pro duces sequences. Journal of Co gnitive Neur oscienc e , 10:108{121. Bertsek as, D. P . and Tsitsiklis, J. N. (1996). Neur o-Dynamic Pr o gr amming . A thena Scien ti�c, Belmon t, MA, USA. Bishop, C. M. (1995). Neur al Networks for Pattern R e c o gnition . Oxford Univ ersit y Press, Oxford, UK. Blak emore, C. and Co op er, G. F. (1970). Dev elopmen t of the brain dep ends on the visual en vironmen t. Natur e , 228:477{478. Bo w er, J. M. (1997). Is the cereb ellum sensory for motor’s sak e, or motor for sensory’s sak e: the view from the whisk er of a rat? Pr o gr ess in Br ain R ese ar ch , 114:463{96. Bro c her, S., Artola, A., and Singer, W. (1992). Agonists of c holinergic and noradrenergic receptors facilitate synergistically the induction of long-term p oten tiation in slices of rat visual cortex. Br ain R ese ar ch , 573:27{36. Bro oks, R. (1991). In telligence without represen tation. A rti�cial Intel ligenc e , 47:139{159. Bro wn, L. L., Sc hneider, J. S., and Lidsky , T. I. (1997). Sensory and cognitiv e functions of the basal ganglia. Curr ent Opinion in Neur obiolo gy , 7:157{163. Calabresi, P ., Pisani, A., Mercuri, N. B., and Bernardi, G. (1996). The corticostriatal pro jection: from synaptic plasticit y to dysfunctions of the basal ganglia. T r ends in Neur oscienc es , 19:19{24. Daniel, H., Lev enes, C., and Cr � ep el, F. (1998). Cellular mec hanisms of cereb ellar ltd. T r ends in Co gnitive Scienc es , 2:401{407. Deib er, M. P ., Ibanez, V., Honda, M., Sadato, N., Raman, R., and Hallett, M. (1998). Cerebral pro cesses related to visuomotor imagery and generation of simple �nger mo v e- men ts studied with p ositron emission tomograph y . Neur oimage , 7:73{85. Desmond, J. E. and Fiez, J. A. (1998). Neuroimaging studies of the cereb ellum: language, learning and memory . T r ends in Co gnitive Scienc es , 2:355{362. DeZeeu w, C. I., Simpson, J. I., Ho ogenraad, C. C., Galjart, N., Ko ekk o ek, S. K. E., and Ruigrok, T. J. H. (1998). Micro circuitry and function of the inferior oliv e. T r ends in Co gnitive Scienc es , 2:391{400. Dominey , P ., Arbib, M., and Joseph, J.-P . (1995). A mo del of corticostriatal plasticit y for learning o culomotor asso ciations and sequences. Journal of Co gnitive Neur oscie c en , 7:311{336. 25

Douglas, R. and Martin, K. (1998). Neo cortex. In Shepherd, G. M., editor, The Synaptic Or ganization of the Br ain , pages 459{509. Oxford Univ ersit y Press, New Y ork, 4th edition edition. Do y a, K. (1996). T emp oral di�erence learning in con tin uous time and space. In T ouretzky , D. S., Mozer, M. C., and Hasselmo, M. E., editors, A dvanc es in Neur al Information Pr o c essing Systems 8 , pages 1073{1079. MIT Press. Do y on, J., Ow en, A. M., P etrides, M., Sziklas, B., and Ev ans, A. C. (1996). F unctional anatom y of visuomotor skill learning in h uman sub jects examined with p ositron emission tomograph y . Eur op e an Journal of Neur oscienc e , 8:637{648. F ujita, M. (1982). Adaptiv e �lter mo del of the cereb ellum. Biolo gic al Cyb ernetics , 45:195{ 206. F ukushima, K. (1980). Neo cognitron: A self-organizing neural net w ork mo del for a mec h- anism of pattern recognition una�ected b y shift in p osition. Biolo gic al Cyb ernetics , 36:193{202. Gao, J. H., P arsons, L. M., Bo w er, J. M., Xiong, J., Li, J., and F o x, P . T. (1996). Cereb ellum implicated in sensory acquisition and discrimination rather than motor con trol. Scienc e , 272:545{547. Georgop oulos, A. P . (1995). Curren t issues in directional motor con trol. T r ends in Neur o- scienc es , 18:506{510. Gomi, H. and Ka w ato, M. (1992). Adaptiv e feedbac k con trol mo dels of the v estibulo cere- b ellum and spino cereb ellum. Biolo gic al Cyb ernetics , 68:105{114. Gomi, H., Shidara, M., T ak em ura, A., Inoue, Y., Ka w ano, K., and Ka w ato, M. (1998). T emp oral �ring patterns of Purkinje cells in the cereb ellar v en tral para o cculus during o cular follo wing resp onses in monk eys. I. Simple spik es. Journal of Neur ophysiolo gy , 80:818{831. Grafton, S. T., Hazeltine, E., and Ivry , R. (1995). F unctional mapping of sequence learning in normal h umans. Journal of Co gnitive Neur oscienc e , 7:497{510. Grafton, S. T., Hazeltine, E., and Ivry , R. (1998). Abstract and e�ector-sp eci�c represen ta- tions of motor sequences iden ti�ed with PET. Journal of Neur oscienc e , 18:9420{9428. Gra ybiel, A. M. (1995). Building action rep ertoires: memory and learning functions of the basal ganglia. Curr ent Opinion in Neur obiolo gy , 5:733{741. Graziano, M. S. A., Hu, X. T., and Gross, C. G. (1997). Visuo-spatial prop erties of v en tral premotor cortex. Journal of Neur ophysiolo gy , 77:2268{2292. Grossb erg, S. (1976). On the dev elopmen t of detectors in the visual cortex with applications to learning and reaction-di�usion systems. Biolo gic al Cyb ernetics , 21:145{159. Harpur, G. F. and Prager, R. W. (1995). T ec hniques in lo w en trop y co ding with neural net w orks. CUED/F-INFENG/TR 197, Cam bridge Univ ersit y Engineering Departmen t, Cam bridge, England. Ha ykin, S. (1996). A daptive Filter The ory . Pren tice Hall, Upp er Saddle Riv er, NJ, USA, 3rd edition edition. Hik osak a, O., Miy ac hi, S., Miy ashita, K., and Karadi, Z. (1995). P ossible roles of the basal ganglia in pro cedural learning. In F ourth IBR O World Congr ess of Neur oscienc e A bstr acts , page 55, Oxford. IBR O, Rapid Comm unications. 26

Hik osak a, O., Sak ai, K., Miy auc hi, S., T akino, R., Sasaki, Y., and P � utz, B. (1996). Activ ation of h uman presupplemen tary motor area in learning of sequen tial pro cedures: A func- tional MRI study . Journal of Neur ophysiolo gy , 76:617{621. Hirsc h, H. V. B. and Spinelli, D. N. (1970). Visual exp erience mo di�es distribution of horizon tally and v ertically orien ted receptiv e �elds in cat. Scienc e , 168:869{871. Houk, J. C. (1997). On the role of the cereb ellum and basal ganglia in cognitiv e signal pro cessing. Pr o gr ess in Br ain R ese ar ch , 114:545{554. Houk, J. C., Adams, J. L., and Barto, A. G. (1995). A mo del of ho w the basal ganglia generate and use neural signals that predict reinforcemen t. In Houk, J. C., Da vis, J. L., and Beiser, D. G., editors, Mo dels of Information Pr o c essing in the Basal Ganglia , pages 249{270. MIT Press, Cam bridge, MA. Houk, J. C. and Alford, S. (1996). Computational signi�cance of the cellular mec hanisms for synaptic plasticit y in Purkinje cells. Behavior al and Br ain Scienc es , 19:457{461. Houk, J. C., Buc kingham, J. T., and Barto, A. G. (1996). Mo dels of the cereb ellum and motor learning. Behavior al and Br ain Scienc es , 19:368{383. Houk, J. C., Keifer, J., and Barto, A. G. (1993). Distributed motor commands in the lim b premotor net w orks. T r ends in Neur oscienc e , 16:27{33. Houk, J. C. and Wise, S. P . (1995). Distributed mo dular arc hitectures linking basal ganglia, cereb ellum, and cerebral cortex: Their role in planning and con trolling action. Cer ebr al Cortex , 2:95{110. Ito, M. (1984). The Cer eb el lum and Neur al Contr ol . Ra v en Press, New Y ork. Ito, M. (1993). Mo v emen t and though t: iden tical con trol mec hanisms b y the cereb ellum. T r ends in Neur oscienc es , 16:448{450. Ito, M., Sakurai, M., and T ongroac h, P . (1982). Clim bing �bre induced depression of b oth mossy �bre resp onsiv eness and glutamate sensitivit y of cereb ellar purkinje cells. Journal of Physiolo gy , 324:113{134. Ivry , R. B. (1996). The represen tation of temp oral information in p erception and motor con trol. Curr ent Opinion in Neur obiolo gy , 6:851{857. Jenkins, I. H., Bro oks, D. J., Nixon, P . D., F rac k o wiak, R. S. J., and P assingham, R. E. (1994). Motor sequence learning: a study with p ositron emission tomograph y . Journal of Neur oscienc e , 14:3775{3790. Jeuptner, M., Stephan, K. M., F rith, C. D., Bro oks, D. J., F rac k o wiak, R. S. J., and P ass- ingham, R. E. (1997). Anatom y of motor learning. I. F ron tal cortex and atten tion to action. Journal of Neur ophysiolo gy , 77:1313{1324. Ka w ato, M., F uruk a w a, K., and Suzuki, R. (1987). A hierarc hical neural net w ork mo del for con trol and learning of v olun tary mo v emen t. Biolo gic al Cyb ernetics , 57:169{185. Ka w ato, M. and Gomi, H. (1992a). The cereb ellum and V OR/OKR learning mo dels. T r ends in Neur oscienc es , 15:445{453. Ka w ato, M. and Gomi, H. (1992b). A computational mo del of four regions of the cereb ellum based on feedbac k-error learning. Biolo gic al Cyb ernetics , 68:95{103. Kettner, R. E., Maham ud, S., Leung, H.-C., Sitk o�, N., and Houk, J. C. (1997). Prediction of complex t w o-dimensional tra jectories b y a cereb ellar mo del of smo oth pursuit ey e mo v emen t. Journal of Neur ophysiolo gy , 77:2115{2130. 27

Kitaza w a, S., Kim ura, T., and Yin, P .-B. (1998). Cereb ellar complex spik es enco de b oth destinations and errors in arm mo v emen ts. Natur e , 392:494{497. Koba y ashi, Y., Ka w ano, K., T ak em ura, A., Inoue, Y., Kitama, T., Gomi, H., and Ka w ato, M. (1998). T emp oral �ring patterns of Purkinje cells in the cereb ellar v en tral para o c- culus during o cular follo wing resp onses in monk eys. I I. Complex spik es. Journal of Neur ophysiolo gy , 80:832{848. Kohonen, T. (1982). Self-organized formation of top ologically correct feature maps. Biolo gic al Cyb ernetics , 43:59{69. La wrence, A. D., Sahakian, B. J., and Robbins, T. W. (1998). Cognitiv e functions and corticostriatal circuits: insigh ts from h un tington’s disease. T r ends in Co gnitive Scienc es , 2:379{388. Leiner, J. C., Leiner, A. L., and Do w, R. S. (1993). Cognitiv e and language functions of the cereb ellum. T r ends in Neur oscienc es , 16:444{447. Linsk er, R. (1986). F rom basic net w ork principles to neural arc hitecture. Pr o c e e dings of the National A c ademy of Scienc es, USA , 83:7508{7512, 8390{8394, 8779{8783. Llinas, R. R. and W alton, K. D. (1998). Cereb ellum. In Shepherd, G. M., editor, The Synaptic Or ganization of the Br ain , pages 255{288. Oxford Univ ersit y Press, New Y ork, 4th edition edition. Marr, D. (1969). A theory of cereb ellar cortex. Journal of Physiolo gy , 202:437{470. Mellet, E., Tzourio, N., Criv ello, F., Joliot, M., Denis, M., and Mazo y er, B. (1996). F unctional anatom y of spatial men tal imagery generated from v erbal instructions. Journal of Neur oscienc e , 16:6504{6512. Miall, R. C., W eir, D. J., W olp ert, D. M., and Stein, J. F. (1993). Is the cereb ellum a Smith predictor? Journal of Motor Behavior , 25:203{216. Middleton, F. A. and Stric k, P . L. (1994). Anatomical evidence for cereb ellar and basal ganglia in v olv emen t in higher cognitiv e function. Scienc e , 266:458{461. Middleton, F. A. and Stric k, P . L. (1996). New concepts regarding the organization of basal ganglia and cereb ellar output. In Ito, M. and Miy ashita, Y., editors, Inte gr ative and Mole cular Appr o ach to Br ain F unction , pages 253{269. Elsevier Science. Middleton, F. A. and Stric k, P . L. (1998). Cereb ellar output: motor and cognitiv e c hannels. T r ends in Co gnitive Scienc es , 2:348{354. Miy ac hi, S., Hik osak a, O., Miy ashita, K., Karadi, Z., and Rand, M. K. (1997). Di�eren tial roles of monk ey striatum in learning of sequen tial hand mo v emen t. Exp erimental Br ain R ese ar ch , 151:1{5. Mon tague, P . R., Da y an, P ., and Sejno wski, T. J. (1996). A framew ork for mesencephalic dopamine systems based on predictiv e Hebbian learning. Journal of Neur oscienc e , 16:1936{1947. Mushiak e, H. (1995). F unctional relationship of the basal ganglia and cereb ellum with motor cortices. A dvanc es in Neur olo gic al Scienc es , 39:277{289. (in Japanese). Nak ahara, H., Do y a, K., Hik osak a, O., and Nagano, S. (1997). Multiple represen tations in the basal ganglia lo ops for acquisition and execution of sequen tial motor con trol. In So ciety for Neur oscienc e A bstr acts , v olume 23, page 778. 28

Nak ahara, H., Do y a, K., Hik osak a, O., and Nagano, S. (1998). Reinforcemen t learning with m ultiple represen tations in the basal ganglia lo ops for sequen tial motor con trol. In International Joint Confer enc e on Neur al Networks , pages 1553{1558. Narendra, K. and P arthasarath y , K. (1990). Iden ti�cation and con trol of dynamical systems using neural net w orks. IEEE T r ansactions on Neur al Networks , 1:4{27. Olshausen, B. A. and Field, D. J. (1996). Emergence of simple-cell receptiv e �eld prop erties b y learning sparse co de for natural images. Natur e , 381:607{609. P aulin, M. G. (1993). The role of the cereb ellum in motor con trol and p erception. Br ain, Behavior, and Evolution , 41:39{50. Rauc h, S. L., Sa v age, C. R., Bro wn, H. D., Curran, T., Alp ert, N. M., Kendric k, A., Fis- c hman, A. J., and Kosslyn, S. M. (1995). A PET in v estigation of implicit and explicit sequence learning. Human Br ain Mapping , 3:271{286. Ra ymond, J. L., Lisb erger, S. G., and Mauk, M. D. (1996). The cereb ellum: a neuronal learning mac hine? Scienc e , 272:1126{1131. Ruec k ert, L., Lange, N., P artiot, A., App ollonio, I., Litv an, I., Le Bihan, D., and Grafman, J. (1996). Visualizing cortical activ ation during men tal calculation with functional MRI. Neur oimage , 3:97{103. Sak ai, K., Hik osak a, O., Miy auc hi, S., T akino, R., Sasaki, Y., and Putz, B. (1998). T ransition of brain activ ation from fron tal to parietal areas in visuomotor sequence learning. Journal of Neur oscienc e , 18:1827{1840. Sanger, T. D. (1989). Optimal unsup ervised learning in a single-la y er linear feedforw ard neural net w ork. Neur al Networks , 2:459{473. Sc h ultz, W. (1998). Predictiv e rew ard signal of dopamine neurons. Journal of Neur ophysi- olo gy , 80:1{27. Sc h ultz, W., Apicella, P ., and Ljungb erg, T. (1993). Resp onses of monk ey dopamine neurons to rew ard and conditioned stim uli during successiv e steps of learning a dela y ed resp onse task. Journal of Neur oscienc e , 13:900{913. Sc h ultz, W., Apicella, P ., Romo, R., and Scarnati, E. (1995). Con text-dep enden t activit y in primate striatum re ecting past and future b eha vioral ev en ts. In Houk, J. C., Da vis, J. L., and Beiser, D. G., editors, Mo dels of Information Pr o c essing in the Basal Ganglia , pages 11{27. MIT Press, Cam bridge, MA. Sc h ultz, W., Da y an, P ., and Mon tague, P . R. (1997). A neural substrate of prediction and rew ard. Natur e , 275:1593{1599. Sc h w eighofer, N., Arbib, M. A., and Dominey , P . F. (1996). A mo del of the cereb ellum in adaptiv e con trol of saccadic gain. I. The mo del and its biological substrate. Biolo gic al Cyb ernetics , 75:19{28. Sc h w eighofer, N., Arbib, M. A., and Ka w ato, M. (1998). Role of the cereb ellum in reac hing mo v emen ts in h umans. I I. A neural mo del of the in termediate cereb ellum. Eur op e an Journal of Neur oscienc e . 86-94. Scott, S. H. (1997). Comparison of onset time and magnitude of activit y for pro ximal arm m uscles and motor cortical cells b efore reac hing mo v emen ts. Journal of Neur ophysiolo gy , 77:1016{1022. Shidara, M., Ka w ano, K., Gomi, H., and Ka w ato, M. (1993). In v erse-dynamics mo del ey e mo v emen t con trol b y Purkinje cells in the cereb ellum. Natur e , 365:50{52. 29

Shima, K., Mushiak e, H., Saito, N., and T anji, J. (1996). Role for cells in the presupplemen- tary motor area in up dating motor plans. Pr o c e e dings of National A c ademy of Scienc es, USA , 93:8694{8698. Shima, K. and T anji, J. (1998). Role for cingulate motor area cells in v olun tary mo v emen t selection based on rew ard. Scienc e , 282:1335{1338. Sn yder, L. H., Griev e, K. L., Brotc hie, P ., and Andersen, R. A. (1998). Separate b o dy- and w orld-referenced represen tation of visual space in parietal cortex. Natur e , 394:887{891. Stein, P . S. G., Grillner, S., Selv erston, A. I., and Stuart, D. G. (1997). Neur ons, Networks, and Motor Behaviors . MIT Press, Cam bridge, MA. Suri, R. E. and Sc h ultz, W. (1998). Learning of sequen tial mo v emen ts b y neural net w ork mo del with dopamine-lik e reinforcemen t signal. Exp erimental Br ain R ese ar ch , 121:350{ 354. Sutton, R. S. and Barto, A. G. (1998). R einfor c ement L e arning . MIT Press, Cam bridge, MA, USA. Thac h, W. T., Mink, J. W., Go o dkin, H. P ., and Keating, J. G. (1993). Com bining v ersus gating motor programs: Di�eren tial roles for cereb ellum and basal ganglia? In Mano, M., Hamada, I., and DeLong, M. R., editors, R oles of Cer eb el lum and Basal Ganglia in V oluntary Movement , pages 235{245. Elsevier, Amsterdam. Thompson, R. F. and Krupa, D. J. (1994). Organization of memory traces in the mammalian brain. A nnual R eview of Neur oscienc e , 17:519{549. Tsumoto, T. and Suda, K. (1979). Cross-depression: an electroph ysiological manifestation of bino cular comp etition in dev eloping visual cortex. Br ain R ese ar ch , 168:190{194. Usher, M., Cohen, J. D., Serv an-Sc hreib er, D., Ra jk o wski, J., and Aston-Jones, G. (1999). The role of lo cus co eruleus in the regulation of cognitiv e p erformance. Scienc e , 283:549{ 554. v an Essen, D. and Maunsell, J. H. R. (1983). Hierarc hical organization and functional streams in the visual cortex. T r ends in Neur oscienc es , 6:370{375. v on der Malsburg, C. (1973). Self-organization of orien tation sensitiv e cells in the striate cortex. Kyb ernetik , 14:85{100. Wic k ens, J. R., Begg, A. J., and W., A. G. (1996). Dopamine rev erses the depression of rat corticostriatal synapses whic h normally follo ws high-frequency stim ulation of cortex in vitro. Neur oscienc e , 70:1{5. Wilson, C. W. (1998). Basal ganglia. In Shepherd, G. M., editor, The Synaptic Or ganization of the Br ain , pages 329{375. Oxford Univ ersit y Press, New Y ork, 3rd edition edition. W olp ert, D. M. and Ka w ato, M. (1998). Multiple paired forw ard and in v erse mo dels for motor con trol. Neur al Networks , 11:1317{1329. W olp ert, D. M., Miall, R. C., and Ka w ato, M. (1998). In ternal mo dels in the cereb ellum. T r ends in Co gnitive Scienc es , 2:338{347. 30