Reinforcemen t Learning with Multiple Represen tations in The Basal Ganglia Lo ops for Sequen tial Motor Con trol Hiro yuki Nak ahara y Kenji Do y a z , Okihide Hikosak a ? , Saburo Nagano x y Lab. F or Info. Syn thesis, Brain Science Institute, RIKEN z Ka w ato Dynamic Brain Pro ject, JST ? Dept. of Ph ysiology , Juntendo Univ., Sc ho ol of Med. x Dept. of General Systems Studies, Univ. of T oky o A bstr act | The basal ganglia (BG) hav e b een h yp othesized to p erform reinforcement learning by use of reinforcement signals pro vided by dopamine neurons. It is well known that there exist multiple BG-thalamo cortical lo ops, but their functions are p o orly understo o d. Here, we prop ose a com- putational mo del of how di�erent BG lo ops are employ ed in visuomotor sequence learning using di�erent representa- tions of sequence. The central idea of the mo del is that a visuomotor sequence is easier to le arn in spatial representa- tion (e.g. visual co ordinates) but is easier to c ontr ol in b o dy- based represen tation (e.g. joint angle co ordinates). The results of simulations of the mo del replicated b oth b ehav- ioral and neurophysiological �ndings in recent exp erimental studies using "2x5 task". Keywor ds | reinforcement learning, basal ganglia, pro ce- dural memory , visuomotor learning I. INTRODUCTION Sc h ultz and his colleagues has shown in their exp eri- men ts [1] that the resp onse tuning of dopamine (DA) neu- rons in the substantia nigra pars compacta (SNc) in the basal ganglia (BG) shifts from primary rew ard to condi- tioned stimuli that predicts reward as the conditioning es- tablishes. This fact has led to a h yp othesis that a sp eci�c form of reinforcement learning (RL), temp oral di�erence (TD) learning [2], o ccurs in the BG with TD error of re- w ard prediction provided b y DA neurons as reinforcement signal (e.g. [3], [4], [5]). This hypothesis provides a compu- tational basis for inv estigating the BG function in sequen- tial motor control, whic h has b een suggested by studies on brain lesions and neuronal recordings. The BG-thalamo cortical circuit is one of the ma jor cortico-subcortical circuits for motor control, with the other b eing the cereb ello cortical circuit. A striking fea- ture of the BG circuit is its separate, closed lo op organiza- tion. The BG receives pro jections from almost the entire cerebral cortex but each part of BG pro jects to sp eci�c area of the frontal cortex. A t least four BG lo ops hav e been identi�ed, including motor, o culomotor and dorsolat- eral prefrontal lo ops [6]. F unctions of some of these lo ops ha v e b een prop osed, but it is v ery p o orly understo o d how An y corresp ondence should b e sent to H. Nak ahara, Lab. F or In- formation Synthesis, Brain Science Institute, RIKEN, 2-1 Hirosaw a, W ak o, Saitama 351-0106, Japan, Email: hiro@brain.riken.go.jp. these BG lo ops work to gether in sequen tial motor control tasks. In recent exp eriments of sequential arm reaching task called \2x5 task"[7], Hikosak a and his colleagues hav e found that di�erent parts of the BG and the frontal cortex are in v olv ed di�erentially in acquisition and execution of sequential mo v emen t [8], [9]. Motiv ated by their results, we prop ose a computational mo del of how di�erent BG- cortical lo ops are in v olv ed in learning of sequential mo v e- ment at di�eren t stages. The key idea is that a visuomotor sequence like that in the 2x5 task is easier to le arn in spa- tial representation (e.g. visual co ordinates) but is easier to c ontr ol in b o dy-based represen tation (e.g. joint angle co ordinates) [10]. Sp eci�cally , we prop ose that the dorso- lateral prefrontal (DLPF) lo op learns a sequence in spa- tial representation and the supplementary motor area lo op learns a sequence in b o dy-based representation. Both lo ops learn concurrently using the reinforcement signal carried by DA neurons, but relativ e ease of learning and e�ectiveness in control causes the di�erential inv olv emen t of these tw o lo ops. Simulation of the prop osed mo del replicated b oth b ehavioral and neurophysiological �ndings of the 2x5 task exp eriments. I I. 2x5 T ASK AND ITS FINDING Figure 1 shows an example of the sequence of even ts in a single trial of the 2x5 task. When the animal pressed the home key at the start of a trial, tw o out of the 16 LED buttons were turned on simultaneously , which is called a ’set’ of stimulus. The animal had to press the illuminated buttons in a predetermined order, which he had to �nd out by trial-and-error. If successful, another pair of LEDs, the second set, w as illuminated which the monkey had to press again in a predetermined order. A �xed sequence of 5 sets, called a ’h yp erset,’ was presented in a trial. When the animal pressed a wrong button, all LED buttons were illuminated brie y with an unpleasant b eep sound, and the trial was ab orted without any reward. The animal then had to start o v er a new trial by pressing the home k ey . After each successful set, the animal was given a liquid reward. The same hyperset was used throughout a ’blo ck’ of ex- p eriments until completing a certain num ber of successful

Fig. 1. Pro cedure of 2x5 task with an example of a hyperset . T o complete a trial, a monkey has to press 10 buttons (2 buttons x 5 sets) in a correct (predetermined) order. Fig. 2. Exp erimental result of learning a hyperset across days. The c hange in the num ber of completed sets (ordinate) across trials (abscissa) is compared among the 1st day (top), the 3rd day (middle) and the 30th day (b ottom). T ak en from Hikosak a et al. trials (criterion). On each day during a training p erio d, the monkey p erformed several blo cks of trials with di�er- en t hypersets. Some h yp ersets were used every day , called ’learned’ hypersets, and others were randomly generated and used only once, called ’new’ h yp ersets. Order of pre- sen tation of learned and new hypersets are randomized ev- eryda y . Learning in 2x5 tasks is measured by the decrease in the num b er of trials to reach a criterion to complete a blo ck and/or the decrease in the p erformance time. Hik osak a et al. [7] observed b oth short-term learning and long-term learning. Short-term learning is indicated by im- pro v ed p erformance during a blo c k of exp eriment and long- term learning is indicated by impro v ed p erformance across da ys (see Figure 2). F unctional di�erentiation was observ ed in blo c k ade ex- periment by m uscimol injection b etw een anterior BG (cau- date head) and p osterior BG (putamen) [8], as w ell as the presupplemen tary motor area (pre-SMA) and the supple- mentary motor area (SMA) [9]. Number of error trials to criterion was signi�cantly increased by blo ck ade of the an- terior BG or the pre-SMA for new hypersets but not for learned ones. Number of error trials to criterion was sig- ni�cantly increased b y blo ck ade of the p osterior BG for learned hypersets but not for new ones. Blo c k ade of the SMA a�ected b oth learned and new ones, but only mildly . In brief, these lines of exp erimental evidence suggest that the an terior BG and the pre-SMA is more inv olv ed in early acquisition pro cess of sequences, and that the p osterior BG and, p ossibly , the SMA are more in v olv ed in main tenance and retriev al of acquired sequential memory . I I I. HYPOTHESIS ON MUL TIPLE REPRESENT A TIONS IN THE BASAL GANGLIA LOOPS In visuomotor tasks such as visually-guided reac hing, problems in inv erse kinematics and inv erse dynamics must b e solved to reach a target based on visual information [11]. W e prop ose that it is easier to learn a visuomotor sequence in visual co ordinates particularly when the sequence is learned by trial-and-error, whereas it is faster and easier to execute the sequence in b o dy-based co ordinates once it is acquired. W e further prop ose that it is adv an tageous to hav e multiple learning pro cesses with di�erent sp eeds con- currently . A quick acquisition of a sequence in visual co- ordinates would help the animals solve new problems that they encounter in everyda y life; a slow acquisition of a se- quence in b o dy co ordinates would help the animals store the memory of the frequently-used sequence robustly and retrieve it quickly . Thus, it is plausible to consider from a computational viewp oint that a sequence in visual co ordi- nates is more suitable for early acquisition stage, whereas a sequence in b o dy-based co ordinates is more suitable for execution with robust maintenance and quick retriev al of its memory . The dorsolateral prefron tal lo op : the pro jection from DLPF to the BG is primarily to anterior striatum, including head of the caudate nuclei (CD) and the rostral putamen. The DLPF is well known to b e in v olv ed in visu- ospatial memory and is considered to play a role in control and planning of sequen tial mov emen ts [12]. Posterior pari- etal cortex that is connected with the DLPF also pro jects to the dorsolateral head of the CD [6]. Based on these facts, it is likely that the DLPF lo op, including the DLPF and the anterior striatum, engages computation in visual co ordinates (Figure 3). The motor lo op : in motor lo op, most of the pro jec- tions to the BG originate from the cortical motor areas, among whic h the SMA is of particular interest, and prin- cipally terminates in the p osterior striatum (the bulk of putamen) [6]. The SMA is well connected with other mo- tor cortical areas and has b een known long as inv olv ed in sequential mov emen ts, particularly internally-generated complex ones [13]. Thus, the motor lo op, including the SMA and the p osterior striatum, ma y engage computation in b o dy-based co ordinates (Figure 3). It is noteworth y that not the SMA but the pre-SMA

Fig. 3. Hyp othesized scheme of the basal ganglia-thalamo cortical lo ops for sequential motor control. is connected with the DLPF [13]. The pre-SMA has the pro jections to the anterior striatum. Hence, the pre-SMA is heavily in teracted with the DLPF lo op. It is also ex- perimentally shown that the pre-SMA is generally more activ ated in the p erio d after receiving sensory inputs and before starting mov emen ts [14], [13]. W e hypothesize that the DLPF lo op, p erhaps together with the pre-SMA, learns the sequence using visual co or- dinates. The DLPF lo op, hence, is more critical in early acquisition stage of sequences. In contrast, the motor lo op learns the sequence using b o dy-based co ordinates. The motor lo op, hence, is more inv olv ed in execution of well- learned sequences. A unique feature of our mo del is that both lo ops concurrently learn sequences based on reinforce- men t signal pro vided by DA neurons in SNc (Figure 3). IV. SIMULA TION ON 2x5 T ASK In order to test the b eha vior of a mo del based on our h ypothesis, we built a neural netw ork of 2x5 task learning. The sp eci�c questions we asked were whether the mo del w ould hav e the short-term and long-term learning e�ects in p erformance and whether the mo del could replicate the results of blo ck ade exp eriments for the DLPF lo op. A. Network Ar chite ctur e Figure 4 illustrates the ov erall structure of the netw ork model, which consisted of the visual netw ork (DLPF-BG loop), the motor netw ork (SMA-BG lo op), the critic net- w ork (DA system), and inv erse kinematics mo dules. Both the visual and motor net w orks had the same struc- ture and had an output lay er and a context lay er, each corresponding to the BG and the cortex. First, the state y i of the output lay er was up dated by the softmax func- tion of the weigh ted sum of the input u j and the context x j with a tuning parameter for sharpness of the softmax, denoted by � . s i ( t ) = X j w I ij u j ( t ) + w C ij x j ( t ) (1) y i ( t ) = exp[ � s i ( t )] P k exp[ � s k ( t )] (2) where w I ij and w C ij are weigh ts for the input and the context, resp ectively . Then, one of the output units w as sto c hastically set as z i ( t ) = 1 with a probability Prob( z i ( t ) = 1) = y i ( t ) : (3) The context lay er was up dated, with a time constant, � , by the following equation. x i ( t + 1) = x i ( t ) + 1 � ( z i ( t ) � x i ( t )) (4) The weigh t matrices w I and w C were up dated by a Heb- bian rule, w eigh ted by the reinforcement signal ^ r ( t ), as de- �ned b elow; w I ij ( t + 1) = w I ij ( t ) + � I ^ r ( t ) z i ( t ) u j ( t ) (5) w C ij ( t + 1) = w C ij ( t ) + � C ^ r ( t ) z i ( t ) x j ( t ) (6) Initially , the input w eigh ts were set by an identit y matrix so that the default b ehavior is to press one of the lit buttons. In the visual net w ork, the state was enco ded by the 16 units corresp onding to the p ositions of 16 buttons in the Cartesian space. The input u V to the visual netw ork was a 16 dimensional v ector of 0 and 1, enco ding the corre- sp onding lit buttons as 1s and otherwise as 0s. Its output z V represented the button to b e pressed, or the mov emen t target in the visual space.

Fig. 4. Diagram of the prop osed mo del in context of the 2x5 task In the motor netw ork, state w as enco ded b y a p opulation v ector of joint angles. Each unit had a Gaussian softmax activ ation function a j ( � ) = exp[ � 1 2 2 X i =1 � i � � i j � i ! 2 ] ; (7) b j ( � ) = a j ( � ) P k a k ( � ) (8) where � 1 and � 2 denote shoulder and elb ow angles and � i j denotes the preferred join t angle for the j -th unit. An in v erse kinematic mo del, which was derived analyti- cally from the geometry of the arm, was used to transform the visual representation into corresp onding motor repre- sen tation. In the normal op eration, the input to the motor net w ork was a sum of tw o activ ation v ectors, one calcu- lated from the current visual input and the other from the output of the visual netw ork. The critic netw ork pro vides the estimate of v alue func- tion that stands for the v alue of the current state, or the curren t sensory input, denoted by u R . Its enco ding is the same as the enco ding of the state in the visual netw ork. The estimated v alue of a state, P ( t ), is de�ned by P ( t ) = � j w R j u R j + b R (9) where w R j and b R are the weigh t matrix and bias for the critic. Using this estimated v alue function, the reinforce- men t signal, or TD error, ^ r ( t ), is computed by ^ r ( t ) = r ( t ) + P ( t + 1) � P ( t ) (10) The critic weigh t matrix, w R , and bias, b R , is up dated b y use of TD error as de�ned b elow: w R j ( t + 1) = w R j ( t ) + � R ^ r ( t ) u R j (11) Fig. 5. Simulation result of learning a hyperset across days. The change in the num ber of completed sets (ordinate) across trials (abscissa) is compared among the 1st day (top), the 2nd day (middle) and the 10th day (b ottom). b R ( t + 1) = b R ( t ) + � b ^ r ( t ) (12) Thus, note that we used TD(0) learning in simulation we rep ort b elow for sake of simplicity and that the ov erall architecture of the netw ork ab ov e is based on actor-critic scheme [2]. B. Simulation Setup W e let the mo del learn 2 learned hypersets and 1 new hyperset p er a simulated day , approximately keeping ratio b etw een learned and new h yp ersets in exp eriment. Sim ula- tion is run for 10 days to train the mo del netw orks. Learn-

T ABLE I Resul ts on the blockade of visual network: number of trials to criterion for learned hypersets NORMAL BLOCKADE Learned 11 : 4( � 1 : 07) 11 : 7( � 0 : 95) ing pro cess during this p erio d is examined to test whether the mo del exhibits di�erent learning levels. Then, using the trained netw ork parameters, we tested the p erformance of the net w ork for learned and new hypersets in case of the block ade of the DLPF lo op, or the visual netw ork. In the sim ulation, the blo ck ade of the visual net w ork w as realized b y inhibiting input from the visual netw ork to the motor net w ork. C. R esults C.1 Di�erent learning levels Hik osak a et al. [7] indicated short-term learning by im- pro v ed p erformance during a blo ck and long-term learning b y improv ed p erformance across days. It is clear in Fig- ure 6 (right) that the mo del makes more errors in the �rst half of total trials than in the second half, in particular for the 1st and 2nd days. This indicates short-term learning (see also Figure 5). Figure 6 (left) shows that the mo del impro v ed its p erformance for learned hypersets across days particularly for �rst few days, indicating long-term learning as observed in the exp eriments (see also Figure 5). C.2 Blo ck ade of the anterior basal ganglia and the presup- plemen tary motor area It is observed that the p erformance for the learned hy- perset was not deteriorated by the blo ck ade of the visual net w ork (T able I), similarly to the results of the blo ck ade experiments in the 2x5 task [8], [9]. In the present netw ork arc hitecture, it was observed in the training p erio d that the netw ork could not learn some t yp es of new hypersets at all and the same phenomena was sometimes observed in the blo ck ade condition as well, which will b e discussed in the next section. V. DISCUSSION W e hav e hypothesized that the basal ganglia contribute to sequential motor control based on reinforcement learning with multiple representations. The dorsolateral prefrontal loop uses visual co ordinates and con tributes to learning sequences particularly in early stage. The motor lo op uses bo dy-based co ordinates and provides sequential memory , once acquired, with robustness, even though the motor lo op learns them muc h slow er than the dorsolateral prefrontal loop. The results of the mo del based on this hypothesis resem bled some of the exp erimental results in the 2x5 task: di�eren t levels of learning at b ehavior level, and functional di�eren tiation at neuroph ysiological level. As noted ab ov e, it was observed in the present simula- tion that the acquired sequential memory severely in ter- Fig. 6. Performance of the prop osed mo del: (left) example of learning a learned hyperset across days by the mo del. The num ber of successful trials is plotted against the total num ber of trials for the 1st, 2nd, and 10th days. (right) the averaged p erformance for learned hypersets across 10 days. The mean num ber of trials to criterion is plotted across days. fered with learning for some types of new hypersets in the training p erio d as well as in the blo ck ade condition. This is probably b ecause, in the present architecture, the out- put from the visual netw ork is forw arded only as an input to the motor netw ork so that the output from the visual netw ork cannot directly in uence hand mo v emen ts. W e b elieve that the presen t architecture should b e extended to include a mechanism to let the output from the visual netw ork directly in uence the generation of a �nal output. F or example, a mechanism to w eigh t or gate outputs from b oth of the visual and motor netw orks can b e incorp orated in the present architecture [10]. The recen t study on neu- ral activities in the pre-SMA suggests that such mechanism may exist and that the pre-SMA may b e a part of it [15], [16]. This p oint is currently b eing in v estigated. In ad- dition, the functions of the cereb ellum was not explicitly addressed in the present study , how ev er, there are exp eri- mental results on the cereb ellum in the 2x5 task, indicat- ing that the den tate n ucleus is inv olv ed in maintenance of sequential memory [17]. Integrating the functions of the cereb ellum into the prop osed hypothesis must b e a fruitful future research. Ackno wledgmen ts Supp orted by JSPS and SPRF of RIKEN to HN, Ue- hara Memorial F oundation and JSPS Research for the F uture Program to OH. HN ackno wledges many insights from S. Miyac hi, K. Miyashita, S. Sak ai, X. Lu, and P . Pedroso in developmen t of this study . References [1] W. Sch ultz, R. Romo, T. Ljungb erg, J. Mirenowicz, J. R. Holler- man, and A. Dickinson, \Rewared-related signals carried by dopamine neurons," in Mo dels of Information Pr o c essing in the Basal Ganglia , pp. 231{248, Cambridge, Massach usetts: MIT Press, 1995. [2] A. Barto, R. Sutton, and C. Anderson, \Neuronlike adaptive elemen ts that can solve di�cult learning control problems," IEEE T r ansactions on Systems, Man, and Cyb ernetics , vol. 13, pp. 834{846, 1983. [3] J. C. Houk, J. L. Adams, and A. G. Barto, \A mo del of how the basal ganglia generate and use neural signals that predict rein- forcemen t," in Mo dels of Information Pr o c essing in the Basal Ganglia , pp. 249{270, Cambridge, Massach usetts: MIT Press, 1995. [4] K. Doy a, \E�cient nonlinear control with actor-tutor architec- ture," in A dvanc es in Neur al Information Pr o c essing Systems (D. T ouretzky , M. Mozer, and M. Hasselmo, eds.), vol. 9, 1997. [5] W. Sch ultz, P . Day an, and R. Montague, \A neural substrate of prediction and reward," Scienc e , vol. 275, pp. 1593{1599, 1997. [6] G. E. Alexander, M. D. Crutcher, and M. R. DeLong, \Basal ganglia-thalamocortical circuits: Parallel substrates for motor, oculomotor, \prefrontal" and \limbic" functions," in Pr o gr ess in Br ain R ese ar ch (H. Uylings, C. V an Eden, J. De Bruin, M. Cor- ner, and M. F eenstra, eds.), vol. 85, ch. 6, pp. 119{146, Elsevier Science Publishers B.V., 1990. [7] O. Hikosak a, M. Kato, S. Miyac hi, and K. Miyashita, \Learning of sequential mov emen ts in the monkey: Pro cess of learning and reten tion of memory ," Journal of Neur ophysiolo gy , vol. 74, no. 4, pp. 1652{1661, 1995. [8] S. Miyac hi, O. Hikosak a, K. Miyashita, Z. Karadi, and M. Kato, \Di�eren t roles of monkey straitum in learning of sequential mo v emen ts," Exp erimental Brain Rese ar ch , vol. in press, 1996. [9] K. Miyashita, K. Sak ai, and O. Hikosak a, \E�ects of SMA and pre-SMA inactiv ation on learning of sequential mov emen ts in monk ey ," in Pro c e e dings of 26th Annual Me eting, Society for Neur oscienc e. , p. 731.3, 1996. [10] H. Nak ahara, Se quential De cision Making in Biologic al Sys- tems: The R ole of Nonline ar Dynamic al Phenomena in Working Memory and Reinfor c ement Le arning in Long-T erm Memory . PhD thesis, Univ. of T oky o, 1997. [11] M. Kaw ato, \Computational schemes and neural netw ork mo dels for formation and control of multijoin t arm tra jectory ," in Neur al Networks for Contr ol , Cambridge, MA: MIT Press, 1990. [12] P . S. Goldman-Rakic, \Circuitry of primate prefrontal cortex and regulation of b ehavior by representational memory ," in Handb o ok of Physiolo gy - The Ne arvous System V (F. Plom and V. Mountcastle, eds.), vol. 5, ch. 9, pp. 373{417, 1987. [13] J. T anji, \The supplementary motor area in the cerebral cor- tex.," Neuroscienc e R ese ar ch , vol. 19, pp. 251{68, May 1994. [14] Y. Matsuzak a, H. Aizaw a, and J. T anji, \A motor area rostral to the supplementary motor area (presupplementary motor area) in the monkey: neuronal activity during a learned motor task," Journal of Neur ophysiolo gy , vol. 68, no. 3, pp. 653{662, 1992. [15] K. Miyashita and O. Hikosak a, \Activity of pre-SMA neuron for the p erformance of sequential mov emen t in monkeys," in Pr o c e e dings of 27th Annual Meeting, So ciety for Neur oscienc e. , (submitted) 1997. [16] K. Shima, H. Mushiake, N. Saito, and J. T anji, \Role for cells in the presupplementary motor area in up dating motor plans.," Pr o c e e dings of the National A c ademy of Scienc es of the Unite d States of Americ a , vol. 93, pp. 8694{8, Aug 6 1996. [17] X. Lu, O. Hikosak a, and S. Miyac hi, \Role of monkey cereb ellar den tate nucleus in pro cedural memory ," in Pr o c e e dings of 26th A nnual Me eting, Society for Neur oscienc e. , p. 546.13, 1996.