Learning to P erceiv e the W orld as Articulated: An Approac h for Hierarc hical Learning in Sensory-Motor Systems Jun T ani Son y Computer Science Lab oratory Inc. T ak ana w a Muse Building, 3-14-13 Higashi-gotanda, Shinaga w a-ku,T oky o , 141 JAP AN T el 3-5448-4380, F ax 3-5448-4273, Email tani@csl.sony .co.jp h ttp://www.csl.son y .co.jp/p erson/tani.h tml Stefano Nol� Institute of Psyc hology , National Researc h Council 15, Viale Marx - 00187, Rome, Italy Abstract This pap er describ es ho w agents can learn an in ternal mo del of the w orld structurally b y fo cusing on the problem of b eha vior-based articulation. W e de- v elop an on-line learning sc heme { the so-called mixture of recurren t neural net (RNN) exp erts { in which a set of RNN mo dules b ecomes self-organized as exp erts on multiple lev els in order to accoun t for the di�eren t categories of sensory-motor o w which the rob ot exp eriences. Autonomous switching of activ ated mo dules in the lo w er lev el actually represen ts the articulation of the sensory-motor o w. In the meanwhile, a set of RNNs in the higher level comp etes to learn the sequences of mo dule switc hing in the lo w er level, by whic h articu- lation at a further more abstract lev el can b e ac hiev ed. The prop osed scheme w as examined through sim ulation exp eriments in v olving the na vigation learning problem. Our dynamical systems analysis clari�ed the mechanism of the articu- lation; the p ossible corresp ondence b etw een the articulation mec hanism and the atten tion switc hing mec hanism in thalamo-cortical lo ops is discussed. 1

The original version of the man uscript was published in Pro c. of the Fifth Int. Conf. on Sim ulation of Adaptiv e Beha vior, R. Pfeifer, B. Blum b erg, J.A. Meyer and S.W. Wilson (Eds.), MA: MIT Press, 270-279. The revised v ersion is in press. in Neural Net w orks, Sp ecial Issue 1999. 2

1 In tro duction Ho w can sensory-motor systems attain an internal represen tation of the w orld in structurally organized wa ys? The consensus in cognitiv e science and arti�cial in tel- ligence is that complex w orlds can b e represen ted e�cien tly utilizing mo dular and hierarc hical structures of symbol systems (New ell, 1980). Ho w ev er, it is still not w ell- understo o d ho w suc h mo dular and hierarc hical represen tations, if emplo y ed, b ecome self-organized in analog neural systems b y means of their iterativ e sensory-motor in- teractions. The di�cult y lies in the question of ho w the con tin uous sensory-motor ow can b e p erceiv ed as b eing articulated into sequences of meaningful represen tativ e mo dules. Kuniy oshi (1994) addressed this articulation problem in the rob ot learning con text. In his exp erimen t with an assem bling rob ot, the rob ot recognizes the v arious task p erfor- mances b y decomp osing them in to sequences of mo dular represen tations. Subsequen tly , the rob ot is able to learn v arious tasks in terms of com binations of the reusable mo d- ular represen tations obtained. F or attaining suc h a mo dular represen tation, the task p erformance was temp orally segmen ted b y means of detecting \meaningful changes" in the observed sensory o w. The problem, how ev er, is that the de�nitions of these \meaningful c hanges" were predetermined b y designers. Our inv estigation fo cuses on ho w a rob ot can de�ne \meaningful c hanges" b y itself and p erceiv e a con tin uous task p erformance as segmen ted in to reusable mo dules. Rob ot navigation learning, whic h has a quite long research history , faces the same t yp e of problem. There are basically t w o t yp es of approac h. One is the neural net- w ork learning approac h. Krose and Eecen (1994), Zimmer (1995) and Nehmzo v (1996) sho w ed that for relativ ely simple w orkspaces, lo calization problems for rob ots can b e solv ed using the top ology preserving map sc heme (Kohonen, 1982). It is, ho w ev er, dif- �cult to scale-up this sc heme since the v ery plain represen tation b y a single neural net- w ork hardly organizes the mo dular and hierarc hical structure of the learned conten ts. The other approac h is the mac hine learning approac h, whic h is used in landmark-based na vigation (Kuip ers, 1987; Mataric, 1992). In this approac h, the tra v el of the rob ot is temp orally segmen ted b y means of landmarks suc h as turning at corners, encoun ter- ing junctions, or going straigh t along corridors. This temp oral segmen tation enables 3 the abstraction of rob ot exp eriences in to a simple chain representation of these land- mark t yp es. The sc heme can b e scaled-up m uc h more readily than the neural net w ork learning approach since the landmarks play the roles of the represen tativ e mo dules. Ho w ev er, the problem is that the landmark t yp es, whic h are de�ned b y designers, are not necessarily in trinsic to the p erceptions of a rob ot. The represen tativ e mo dules suc h as corners, junctions, or corridors, if necessary to the problem’s solution, ough t to b e generated from the rob ot’s exp eriences. In this pap er, we attempt to explain the problems of articulation and structural formation of mo dules and hierarc h y from the dynamical systems p ersp ectiv e (P ollac k, 1991; Beer, 1995; Sc honer, Dose, & Engels, 1995; Smith & Thelen, 1994; v an Gelder, 1998) b y fo cusing on the structural coupling b et w een the in ternal neural dynamics and the en vironmen tal dynamics. W e prop ose a no v el neural arc hitecture whic h has b een inspired b y a mo dular and hierarc hical learning metho d using neural nets, namely the mixture of exp erts prop osed b y Jacobs et al (1991). The prop osed scheme is examined b y conducting sim ulation exp erimen ts of rob ot na vigation learning, where the mec hanism of articulation is clari�ed qualitatively using dynamical systems concepts suc h as self-organization, coherence and phase transitions. W e will discuss brie y the p ossible corresp ondence b et w een the mechanism of the articulation and the mec hanism of the attention switc hing whic h has b een prop osed to tak e place in thalamo-cortical lo ops. 2 Prediction Learning Using Sensory-Motor Flo w The pap er in tro duces rob ot na vigation learning as a prototype problem: our sim u- lation exp erimen ts will illustrate ho w a set of representational primitiv es or \concepts" emerge and ho w they enable the construction of \concepts" in the higher lev el in a dynamic fashion. Our hierarc hical learning approach is dev elop ed in com bination with the prediction learning sc heme whic h is describ ed b elo w. Learning to predict the next sensation means that the system must acquire some analogical mo del of the target observ ed. Elman (1990) w as the �rst to sho w that a recurren t neural net w ork (RNN) can learn to predict word sequences b y extracting regularit y hidden in example sen tences. T ani (1996) applied RNN prediction learning to 4 the na vigation learning problem. In this sc heme, a rob ot learns to predict ho w its future sensory sequences will dep end on the action sequences tak en in a given w orkspace. It w as sho wn that a real mobile rob ot with a range sensor learned the structure of the w orkspace hidden in the sensory-motor o w. The structure of the en vironmen t w as represen ted as the attractor dynamics of the RNN in the course of prediction learning. It w as further sho wn that the in ternal mo del obtained as the RNN attractor dynamics w as utilized to generate mental plans for goal-directed b eha vior. How ev er, a crucial criticism of this sc heme is that the prediction of sensory input is made in a temp orary discrete manner b y means of the prede�ned branching mec hanism. Branc hing plays the role of landmarks and in v ok es the temp oral segmen tation of the sensory-motor ow. Our new exp erimen t is an attempt to eliminate these t yp es of prede�ned mec hanisms of temp oral segmen tation in the hop e that the rob ot itself will �nd them. One p ossible w a y to implemen t temp oral segmen tation of the sensory-motor o w is to fo cus on the magnitude of its c hange in time (Billard, 1996; Nol� & T ani, 1999). F or example, while a rob ot tra v els by follo wing a straigh t w all using the range image, the image will b e almost in v arian t. Ho w ev er, the sensory-motor state will change dramatically when the rob ot encoun ters a corner and starts turning left or righ t. This rapid c hange can b e used as a signal for segmentation b et w een the t w o b eha viors of follo wing straight w all and turning at a corner. Ho w ev er, the di�cult y in this sc heme is that the cornering b eha vior can b e segmen ted sev eral times since the sensory-motor state probably changes rapidly all through the cornering pro cess. It is clear that the c hange of the sensory-motor state at a single momen t pro vides only partial information ab out the on-going b eha vioral pro cess. A sp eci�c mechanism is required whereb y a meaningful time in terv al of the b ehavioral pro cess, such as a cornering b ehavior, can b e recognized as a unique even t through extracting its sp eci�c spatio-temp oral structure from the sensory-motor o w. 3 New Sc heme Our new prop osal in this pap er is to use multiple mo dule RNNs, eac h of whic h com- p etes to b ecome an exp ert at predicting the sensory-motor o w for a sp eci�c b eha vior. The exp erts ac hiev e their status through learning pro cesses. F or example, one mo dule 5

RNN w ould win in predicting the sensory-motor o w while tra v eling around a corner; another w ould win while following a straigh t w all. The switc hing b et w een the winning RNN mo dules actually corresp onds to the temp oral segmen tation of the sensory-motor o w. The essen tial p oin t in this scenario is that the segmen tations tak e place b y means of pronounced c hanges in the observ ed dynamical structure in the sensory-motor o w, rather than just in temp oral di�erences in the sensory-motor state. These highly pro- nounced c hanges corresp ond to switc hing b et w een the dynamical functions, each of whic h is embedded in an RNN through ha ving learned the sp eci�c sensory-motor o w. One migh t ask ho w eac h RNN can c ho ose to learn its corresp onding sensory-motor ow. The sp ecialit y of eac h mo dule is determined during the pro cesses of on-line learning. The comp etition b et w een the mo dules during the sim ultaneous pro cesses of recognition and learning result in generating their sp ecialties. The next section will in tro duce a new arc hitecture called the mixture of RNN exp erts which has b een extended from the original idea of the mixture of exp erts �rst exp ounded b y Jacobs et al (1991). 3.1 Arc hitecture Figure 1 sho ws the prop osed arc hitecture for the mixture of RNN exp erts (MRE) whic h is used for the prediction-learning of the sensory-motor ow. { Figure 1 { Fig. 1(a) sho ws a hierarc hical arc hitecture consisting of t w o lev els; more lev els are p ossible in general. Eac h RNN mo dule in the low er lev el receiv es the sensory-motor inputs, X t : ( s t ; m t ), and outputs the prediction of the sensory-motor inputs at a time � t afterw ards in the form X t +1 : ( s t +1 ; m t +1 ), as sho wn in Fig. 1(b). The total output of the net w ork is obtained from the w eigh ted a v erage of eac h output with its asso ciated v alue of gate op ening at the time g i t for all mo dules. The gate op ening is computed dynamically with time using the prediction errors of eac h mo dule, whic h are obtained from the di�erence b et w een the prediction ( s t +1 ; m t +1 ) and the outcome ( s � t +1 ; m � t +1 ). The gate op ens more if its mo dule pro duces a relatively lo w er prediction error than the other mo dules. The mo dule with the lo w est error o v er a suitable time in terv al b ecomes the winner. The 6 original w ork on the mixture of exp erts (Jacobs et al, 1991) used a gating net w ork whic h selected the mo dule with the closest corresp ondence to the target outputs. In our arc hitecture, without using a gating net w ork the mo dule is activ ated autonomously as the result of dynamical comp etition b et w een all mo dules o v er some time interv al, utilizing on-line monitoring of the prediction errors. The winning mo dule c hanges from one mo dule to another as the pro�le of the sensory-motor o w changes with time. The higher lev el net w ork learns the gate op ening dynamics of the lo w er lev el net- w ork. More sp eci�cally , each RNN mo dule in the higher level samples the gate op ening state of the lo w er lev el in the current time step G T : ( g 1 T ; g 2 T ::::g n T ) and mak es a pre- diction for the next time step G T +1 , as shown in Fig. 1(c). T denotes the time step in the higher lev el; the higher level sampling interv al � T is m uc h larger than that in the lo w er level. The mo dules in the higher lev el comp ete for gate op ening g 0 i T , in the same w a y as sho wn for the low er lev el, and the resultan t gate op ening can b e sen t to y et higher lev els in a recursive manner. The higher lev el net w ork observ es the lo w er lev el activities b y means of p erceiving its gate op ening dynamics while the lo w er lev el net w ork p erceives the sensory-motor o w. In this manner, the signal is \b ottom-up" as abstracted from one lev el to the next. 3.2 Algorithm This subsection describ es the mathematical form ulae for the prop osed sc heme of the MRE. Supp ose a single lev el net w ork consists of n RNN mo dules, where x i t , y i t +1 , y � t +1 and g i t are the inputs, the outputs, the target outputs for teac hing and the gate op ening of the i -th mo dule RNN, resp ectiv ely . x t and y t +1 corresp ond to the sensory-motor state or the gate op ening state dep ending on the lev els of the net w ork. The \soft-max" activ ation function is used to represen t the i -th gate op ening g i t giv en b y: g i t = e s i t P n j =1 e s j t (1) where s i t is the curren t in ternal v alue of the i -th gate op ening. The total output of the 7 net w ork is y t +1 , giv en b y: y t +1 = n X i =1 g i t � y i t +1 (2) W e de�ne the follo wing lik eliho o d function L whic h is maximized for prediction learn- ing: it has b een obtained by mo difying the original de�nition of Jacobs et al (1991). l n L = l n n X i =1 g i t � e � 1 2 � 2 k y � t +1 � y i t +1 k 2 (3) � denotes a scaling parameter. Both the w eigh t of eac h RNN and the gate op ening are up dated sim ultaneously suc h that the lik eliho o d function is maximized. This p oin t is essen tial for the on- line learning sc heme. In order to obtain the up date rules for these t w o pro cesses, w e consider the partial deriv ativ es of the logarithm of the lik eliho o d function with resp ect to the internal v alue s i and with resp ect to the output of the i -th RNN y i giv en b y: @ l n L @ s i t = g ( i j x t ; y � t +1 ) � g i t (4) @ l n L @ y i t = g ( i j x t ; y � t +1 ) ( y � t +1 � y i t +1 ) � 2 (5) where g ( i j x t ; y � t +1 ) is the a poster ior i probabilit y that the i -th mo dule RNN generated the target vector y � t +1 , in terms of x t . Explicitly , this is giv en b y g ( i j x t ; y � t +1 ) = g i t � e � 1 2 � 2 k y � t +1 � y i t +1 k 2 P n j =1 g j t � e � 1 2 � 2 k y � t +1 � y j t +1 k 2 (6) where k y � t +1 � y j t +1 k 2 represents the square of the error of the curren t prediction. Eq. (4) denotes the direction of up date for the in ternal gate op ening v alue s i t . The di�eren ti- ation of l n L with resp ect to y i t +1 in v olv es the error term y � t +1 � y i t +1 w eigh ted b y the a poster ior i probability asso ciated with the i -th mo dule RNN as sho wn in Eq. (5). Th us the connectiv e w eigh ts of the RNN are adjusted to correct the error b et w een the output of the i -th RNN and the global target v ector, but only in prop ortion to the a poster ior i probabilities. By this means, the individual RNN which is the exp ert for the on-going input sequence tends to learn exclusively . The error distributed to eac h mo dule RNN is: er r or i t +1 = g ( i j x t ; y � t +1 ) � ( y � t +1 � y i t +1 ) (7) 8

The details of the deriv ation of Eq. (4) to Eq. (7) are giv en in Ref. (Jacobs et al, 1991). Up on obtaining the mathematical form ulae, the actual up date of the gate op ening and the connectiv e weigh ts for eac h RNN are computed through the use of the back- propagation through time (BPTT) algorithm (Rumelhart, Hin ton, & Williams, 1986). In this computation, the sequence of the sensory-motor inputs as w ell as the gate in ternal states for the previous l steps are stored temp orally in the windo w memory . When new sensory-motor inputs are receiv ed, the window memory is shifted one step forw ard, the forw ard and bac kw ard computation b y means of the BPTT are iterated for N l times, and �nally the sequence of l steps of the gate in ternal states as w ell as the connectiv e w eigh ts for eac h RNN mo dule are up dated. The up date for s i k , which is the i th gate in ternal state in the k th step in the windo w memory , is obtained as b eing: � s i k = � g � @ l n L @ s i k � � g � ( s i k � s i k � 1 ) (8) The �rst term in the righ t-hand side of the equation represents the direction of the up date obtained in Eq. (4); the second term represen ts the damping term which sup- presses abrupt c hanges in the gate op ening; � g and � g are parameters. This up date is computed in the forward direction in the windo w memory from k =1 to k = l . The error obtained from Eq. (7) is bac k-propagated (Rumelhart, Hin ton, & Williams, 1986) through the windo w memory for eac h RNN; the up date of the connectiv e w eigh ts is obtained b y means of the steep est descen t metho d utilizing parameters for the learning rate � and for the momentum � . 4 Sim ulation Exp erimen ts 4.1 The en vironmen t The sc heme prop osed ab o v e w as in v estigated in the con text of the na vigation learning problem b y sim ulation. W e assumed a mobile rob ot with a sensor b elt on its forw ard side holding 20 laser range sensors. The rob ot, up on p erceiving the range image of its surrounding en vironmen t, maneuv ers in a collision-free manner using a v arian t of the p oten tial metho d (Khatib, 1986). (F or further details of this maneuv ering sc heme, see Ref. T ani (1996).) 9

F or our sim ulations, w e adopted t w o di�erent ro oms, namely Ro om A and Ro om B connected by a do or, as sho wn in Fig. 2 (a). { Fig. 2 { Fig. 2 (b) shows an example of the sensory-motor o w whic h corresp onds to the rob ot tra v el indicated b y the dotted line in Fig. 2 (a). In this w orkspace, the rob ot tra v els around one ro om three times, then en ters the other ro om going through the newly op ened do or and tra v els around the other ro om three times. The on-line learning exp erimen t w as conducted while the rob ot mo v ed b et w een ro oms for a total of 5 ro om encoun ters. The en tire tra v el of the rob ot in this sim ulation to ok ab out 2100 � t steps. The lo w er level net w ork, which consists of 5 RNN mo dules eac h of whic h has 6 inputs, 6 outputs, 4 hidden units and 2 context units, learns to predict the sensory-motor state in the next step. (It is noted that only 6 out of 20 range sensor v alues are used for the RNN learning for the purp ose of the reduction of the computation time.) The higher lev el net w ork, whic h consists of 5 RNN mo dules eac h of whic h has 5 inputs, 5 outputs, 4 hidden units and 2 con text units, learns to predict the gate op ening state in the lo w er level net w ork in the next step. Other parameter settings for the net w orks are � = 0.002, � = 0.9, � g = 0.007, � g = 0.02. These settings are the same for b oth levels. The sampling in terv al in the higher lev el is 10 times longer than that in the lo w er lev el (� T = 10 � � t ). W e observed how mo dules b ecome self-organized in a hierarc hical manner b y lo oking at the gate op ening dynamics taking place during the prediction learning of the t w o lev els. 4.2 Results W e recorded gate op ening dynamics b oth in the lo w er and in the higher lev els during the en tire learning pro cess. First, let us consider the gate op ening pro cesses in the lo w er lev el net w ork. Figure 3 sho ws the time dev elopmen t of eac h gate op ening state and of the motor input in the lo w er lev el for three di�eren t p erio ds. { Figure 3 { Figure 4 illustrates when and whic h mo dule wins in the lo w er lev el net w ork along the course tra v elled for each of the three di�erent p erio ds. 10

{ Figure 4 { Fig. 3 (a) shows the pro�les for the p erio d from step 130 to step 300 while the rob ot tra v elled in Ro om A for the �rst time. It can b e seen that gate4 and gate3 op en in turn as the pro�le of the motor command c hanges. In Fig. 4 (a), it is seen that the op ening of gate4 corresp onds to following a straigh t w all, while the op ening of gate3 corresp onds to b oth a left turn at a corner and to passing a T-junction. Fig. 3 (b) sho ws the pro�les for the p erio d from step 380 to step 550, when the rob ot exp erienced Ro om B for the �rst time. One can see that gate4, gate2 and gate3 op en in turn. Fig. 4 (b) shows that these op ening ev en ts corresp onded to follo wing a straigh t w all, making a righ t turn at a corner and making a left turn at a corner, resp ectiv ely . Fig. 3 (c) sho ws the pro�les for the p erio d from step 820 to step 990, when the rob ot tra v elled around Ro om A for the second time. A remark able �nding is that the gate op ening dynamics for this p erio d di�er from those observ ed during the �rst encounter with Ro om A. F rom Fig. 4 (c), one can see that the op ening of gate3, whic h corresp onded to b oth making a left turn at a corner and passing a T-junction in the previous encoun ter, no w corresp onds only to making a left turn at a corner, and that the op ening of gate1 no w corresp onds to passing a T-junction. After this p erio d, the learning pro cesses in the net w ork app eared to ha v e stabilized and no further dramatic changes in the corresp ondence of the gate op enings were found. By the end of the simulation, four t yp es of meaningful concepts w ere generated using 4 RNN mo dules out of the 5 mo dules a v ailable to the lo w er lev el net w ork. An imp ortant observ ation is that the pro cess of generating concepts is totally dynamic in the sense that the corresp ondence b et w een the RNN mo dules and their asso ciated b eha vior is not static during the on-line learning pro cess. Next, w e describ e the gate op ening dynamics in the higher lev el net w ork. Figure 5 sho ws the op ening of the 5 gates for the whole p erio d of on-line learning. (The step n um b er in this graph denotes the sensory-motor step num b er in the lo w er lev el, for clarit y .) { Figure 5 { One can see that the stable switc hing of the gate op ening b et w een gate4 and gate1 tak es place after 800 steps. This switc hing actually corresp onds to the mo v emen t 11 b et w een ro oms during the tra v el, where the op en state of gate4 and gate1 corresp ond to tra v el in Ro om A and in Ro om B, resp ectively . W e observ e that gate0 op ened only in the b eginning while the rob ot tra v eled in Ro om A for the �rst time. The dynamic replacemen t of mo dule0 b y mo dule4 for the represen tation of Ro om A eviden tly to ok place b ecause the mo dule represen tation in the lo w er lev el net w ork also c hanged, as noted ab o v e. It is readily understo o d that the dynamics in higher lev el net w ork can b e stabilized only after stabilization o ccurs in the lo w er lev el net w ork. F rom the results we ha v e obtained in the sim ulation exp erimen ts, it can b e con- cluded that the prop osed MRE arc hitecture w as successful in learning ab out the en- vironmen t in a hierarchical w a y through the sensory-motor in teractions of the rob ot. The low er lev el net w ork learned to predict the ro w pro�le of the sensory-motor ow b y organizing the mo dular representation of sp eci�c b eha vior. The higher lev el net w ork did lik ewise for the sequences of segmented b eha vior b y creating the higher concept of a ro om. Therefore, it can b e said that the rob ot is not just p erceiving the cur- ren t sensory-motor ow but that it is also recognizing the background con text of its b eha vior and situation. W e rep eated this learning exp eriment for �v e times with di�eren t initial conditions including the starting p osition of the rob ot in either Ro om A or Ro om B and with di�eren t random initial connectiv e w eigh ts of the net w orks. By lo oking at structures self-organized in the higher lev el net w ork in these �v e exp erimen ts, equiv alen t mo dule structures to those in the previous results, represen ting Ro om A and Ro om B, w ere found in four cases out of the �v e. F ollo wing this, w e observ ed the lo w er lev el structures for these four cases and found that equiv alen t mo dule structures to the previous result app eared in three cases, while the structures w ere di�eren t in one case. In the case where w e did not observ e clear mo dule structure corresp onding to t w o separate ro oms in the higher lev el, it w as observ ed that the lo w er lev el structures con tin ued to change gradually whic h prev en ted the higher level structures from stabilizing. The stabilit y in the higher lev el dep ends substan tially on that in the low er level. These results rev eal that the self-organization pro cesses do not alwa ys arriv e at one optimal solution. They can generate unstable and non-optimal structures b y c hance. F urther studies are required for detailed understanding of \stabilit y and div ersit y" problems in the 12 hierarc hical learning sc heme. 5 Analysis and Discussion 5.1 On the dynamic mec hanism for articulation W e ha v e seen that building blo c ks for represen ting sp eci�c sensory-motor structures are self-organized in the lo w er level; the building blo c ks in the higher level are con- structed b y com bining those in the lo w er lev el. The results ma y b e in terpreted as b eing the emergence of in ternal \sym b ols". Ho w ev er, the de�nition of our \sym b ols" is quite di�eren t to that used in traditional cognitive science studies (Newell & Simon, 1976; Newell, 1980). The \sym b ols" in our sc heme are articulated not b y the external designer’s views but by the view in trinsic to the rob ot through its o wn exp eriences. In fact, the articulation emerges through the in teractions b et w een the system and its en vironmen t. F or the purp ose of putting forward this argumen t, w e will no w attempt to explain the qualitativ e mec hanism of articulation from the dynamical systems p er- sp ectiv e. In order to understand ho w the switc hing of mo dules takes place dynamically as corresp onding to ro om en tering, w e examined the time series of prediction outputs b y eac h RNN mo dule in the higher lev el net w ork. Figure 6 sho ws the time series of prediction outputs and the corresp onding error for eac h RNN mo dule in the higher level net w ork recorded from step 1400 to step 2000 during whic h p erio d the rob ot mo v ed from Ro om B to Ro om A. { Figure 6 { In Fig. 6 (a), the upp er �v e ro ws represen t the sequence of prediction outputs by the �v e RNN mo dules. The �ve squares aligned v ertically in eac h �v e column ro w represen t the v alues predicted for the �v e coming inputs (the sampling of the �v e gate op enings in the lo w er level netw ork) b y their size. The largest square area corresp onds to the v alue of 1.0 and zero area corresp onds to a v alue of 0.0. The b ottom ro w represen ts the sequence of �ve inputs. The rob ot mo v ed from Ro om B to Ro om A at around step 1770 (denoted b y a hatc hed line in the �gure). Fig. 6 (b) shows the time series of the prediction error for eac h mo dule. By lo oking at Fig. 6 (b), it is observ ed that the 13 prediction error b y RNN 1 is con tin uously minimized relativ e to the other RNNs un til step 1770. During this p erio d, it is seen, from Fig. 6 (a), that the output sequence b y RNN 1 keeps coherence with the input sequence to a certain exten t; RNN 0, RNN 2 and RNN 3 are not activ ated at all, while RNN 4 is activ ated but is incoherent with the input sequence. On the other hand, the output sequence b y RNN 4 b ecomes coheren t with the input sequence after step 1770 through minimizing its error, while the output sequence of RNN 1 loses coherence with the input. This switc hing of the winning RNN mo dules takes place rather quickly within sev eral iteration steps of the RNNs. W e sp eculate that the rob ot recognizes its surrounding in a particular ro om b y means of ac hieving temp oral coherence b et w een the dynamics of a particular RNN mo dule and the en vironmen tal dynamics. In order to in v estigate the essen tial dynamical structure of the organization of the coherence and the incoherence app earing in the coupling b et w een the in ternal and the en vironmen tal dynamical systems, w e compared the phase tra jectory of eac h RNN mo dule for its in trinsic dynamics and for its coupled dynamics with Ro om A and with Ro om B. Figure 7 sho ws such a comparison. { Figure 7 { The �v e plots in the upp er row in this Figure sho w the phase tra jectory for the intrinsic dynamics of eac h RNN. Eac h RNN can b e iterated autonomously without the input sequences b y installing feed-bac k lo ops from the prediction outputs to the inputs. (This autonomous iteration of eac h RNN corresp onds to men tal rehearsing of the learned temp oral patterns.) W e plotted the activ ation tra jectory for t w o con text units in X and Y during the autonomous iteration using �xed connection w eigh ts for eac h RNN whic h had b een obtained in step 2000 in the previous exp erimen t. It is observ ed that the tra jectories of RNN 0, RNN 2 and RNN 3 con v erge to a �xed p oin t and that those of RNN 1 and RNN 4 do not conv erge to a p oint but generate inv arian t closures in the phase space. F urther analysis show ed that the dynamical structure of RNN 0, RNN 2 and RNN3 is c haracterized b y a �xed p oint attractor, while the dynamical structure of RNN 1 and RNN 4 is characterized b y a quasi-p erio dic attractor. The �v e plots in the middle ro w and the b ottom ro w sho w the phase tra jectories of the coupled 14

RNN dynamics with the Ro om A and Ro om B en vironmen ts, resp ectiv ely . The phase tra jectories are plotted for the con text units’ activ ation states in resp onse to receiving the input sequences while the rob ot tra v elled around the t w o ro oms. In these plots, it is seen that RNN 0, RNN 2 and RNN 3 eac h generated the same �xed p oin t attractor from their in trinsic dynamics regardless of whether the RNN was coupled with Ro om A or with Ro om B. The plots for RNN 1 and RNN 4 are di�eren t. RNN 1 exhibits a similar phase tra jectory to its in trinsic one when coupled with Ro om B; RNN 4 do es lik ewise when coupled with Ro om A. This observ ation coincides with the previous observ ation that the prediction sequence by RNN 1 and b y RNN 4 b ecame coheren t with the input sequence while trav eling around Ro om B and Ro om A, resp ectiv ely . In our previous w ork (T ani, 1996), we studied how a mobile rob ot learns to predict the sensory sequence during the navigation learning. It w as sho wn that the RNN is able to learn the structure hidden in the en vironmen t as em b edded in attractor dynamics b y means of of sensory-motor interactions. Our analysis (T ani, 1996) sho w ed that the prediction pro cess is successful when coherence is ac hiev ed b et w een the in ternal RNN dynamics and the en vironmen tal dynamics. Ev en when the coherence is p erturb ed b y noise, the coherence can b e re-established b y means of the en trainmen t (Endo & Mori, 1978; Beer, 1995) of the in ternal RNN dynamics b y the en vironmen tal dynamics (T ani, 1996). The same mec hanism can explain the autonomous switc hing of mo dules in the curren t study: one mo dule is activ ated in a manner inhibitory to the others b y ac hieving coherence b et w een its in trinsic dynamics and with a sp eci�c dynamical structure hidden in the input ow. When the essen tial dynamical structure in the input o w c hanges, the curren tly activ ated mo dule loses coherence with the o w, while another mo dule is activ ated through gaining coherence with the o w. This winning mo dule switching tak es place rather quickly as a phase transition of the dynamical state from one stable attractor to another. By means of switc hing of coherence among the rep ertoire of the in trinsic dynamics, this phase transition actually results in the articulation whic h the system p erceiv es in ternally for the structural c hanges in the sensory-motor o w (see the sc hematic diagram for this explanation in Figure 8.) { Figure 8 { 15

5.2 Recursiv e c hains from state to function Another imp ortan t asp ect whic h should b e discussed is the relationship b et w een state and function in the hierarchical learning. The direct observ ation of the sensory-motor state provides only non-robust information ab out its presen t pro cess since the state can ev olv e in man y w a ys. What should b e fo cused on is rather the spatio-temp oral structure hidden in the time dev elopmen t of the state, since suc h structures could b e similar in many cases ev en when the state is c hanging quan titativ ely . The RNN, whic h is basically an adaptiv e t yp e dynamical function, is used for capturing suc h similar structure from the observed time dev elopmen t of the state. This time dev elopmen t of the state is, ev en tually , represen ted b y one of the RNN functions. The higher lev el observ es that which RNN function is curren tly activ ated in the lo w er level in terms of its gate op ening state. This gate op ening state can v ary as the result of structural c hange in the lo w er lev el. The resultant time dev elopmen t of the gate op ening state is again captured b y the RNN functions in the higher lev el. Here, w e see that the aim of the hierarc hical learning is to organize suc h recursiv e c hains from the state to the function, and from the function to the state, through the lev el of abstraction. 5.3 Articulation and atten tional switc h The observ ed mo dule switc hing mec hanism might b e related to the prop osed atten- tional switch mec hanism in the thalamo-cortical lo op whic h has b een explained in terms of the search-ligh t metaphor (Crick, 1984). In Cric k’s mo del, w indow sof anattention are created by means of a gating mec hanism in the nucleus reticularis (NR). The cortical feedbac k to the NR gates thalamic transmission of sub cortical data; hence, the pro cess allo ws the cortex to attend to part of these data selectiv ely . T a ylor and Ala vi (1993), Baars (1997) and Newman (1997) prop osed that gating b y the NR induces a global winner-tak e-all comp etition among thalamo-cortical lo ops as a result of whic h only one of man y comp eting sensory streams reac hes consciousness. In a macroscopic sense, our explanation of the dynamical mechanism of articulation agrees with the ab o v e scenario whereb y the gates in MRE corresp ond to the NR and the RNN exp erts corresp ond to the cortical parts. Therefore, it is h yp othesized that the atten tional switc h among the 16 set of thalamo-cortical lo ops with their accompanying NR gates pla y the essen tial role in articulating the b ottom-up streams in the m ultiple levels and therefore in creating sym b ols and concepts. W e suggest that \a consciousness" arises at the very momen t of the articulation which is accompanied by dynamical switc hing among thalamo-cortical lo ops. 5.4 Related w orks The current study w as inspired b y other adaptiv e agent researc h based on the dynam- ical systems approac h b y , for example, Beer (1995), Y amauc hi and Beer (1994) and Smithers (1996). Ho w ev er, it is notable that the dynamical systems approac h, whic h esp ecially emphasizes coherence and structural coupling (V arela, Thompson, & Rosch, 1991) of the internal system with its en vironmen tal dynamical systems, has explained only the low level b eha vior mec hanisms{ for instance, w alking b y a legged agent (Beer, 1995), or simple visually guided b ehavior (Beer, 1996). In the curren t researc h, we attempted to apply the dynamical systems approac h to the question of higher-order cognition b y introducing men tal pro cesses of an ticipation in the agen ts. Indeed, it has b een found that an ticipation pla ys an essen tial role for the cognitiv e mec hanism of articulation. As w e ha v e illustrated in the preceding sections, the articulation of the input o w is triggered when the prediction of the next future ev en t fails, causing temp oral incoherence in the structural coupling. It is plausible that the higher-order cognition is achiev ed b y utilizing not only the coherence but also the incoherence ap- p earing in the in teraction b et w een the in ternal and the en vironmen tal dynamics (T ani, 1998). During the initial reviewing pro cess of this pap er the authors w ere informed of other related studies. These studies are discussed b elo w. P a w elzik et al. (1996) applied their sc heme of annealed comp etition of exp erts to segmentation of time series from complex system. The basic idea in this sc heme w as quite similar to ours; segmen tation of the time series is ac hiev ed by means of the dynamical comp etition among exp erts without emplo ying the cen tral gating net w ork. A single la y ered net w ork whic h consists of a set of Radial Basis function for eac h mo dule w as trained in an o�-line manner using an 17 annealing tec hnique. The learning pro cess seems to b e m uc h more stabilized compared to our cases b ecause of the relativ e easiness in training of Radial Basis function in the o�-line manner. Their study , ho w ev er, did not address the issues of the hierarc hical organization of mo dules. Several other authors extended the mixture of exp ert systems for the purp ose of mo deling temp oral pro cesses (Bengio & F rasconi, 1995; Cacciatore & No wlan, 1994; Melia & Jordan, 1998). W olp ert and Kaw ato (1998) also prop osed suc h extensions where m ultiple pairs of in v erse and forw ard mo dels in a single la y er organization are utilized for the purp ose of con trolling motor outputs and predicting sensory inputs. They suggested from the anatomical observ ation that the motor control functions in the cereb ellum could b e mo deled b y the prop osed m ultiple pairs of in v erse and forw ard mo dels. Sc hmidh ub er (Sc hmidh ub er, 1992) prop osed a self-organizing m ulti-lev el hierarc h y of RNNs whic h learns to decomp ose sequences recursiv ely . In Sc hmidh uber’s architec- ture, sequences are segmen ted b y means of detecting the prediction error of an RNN at eac h lev el. If the error is larger than a threshold v alue at a certain time step, the sequence is segmen ted at that step and a k ey sym b ol is sen t to the higher level whic h comp oses another sequence in the succeeding segmen tation in the lo w er lev el. The main di�erence b et w een our sc heme and Sc hmidh ub er’s is that in ours, sequences are segmented b y means of the dynamical comp etition b et w een exp erts without us- ing an y prede�ned threshold v alues. W e sp eculate that this dynamical comp etition mec hanism is m uc h more natural and ev en robust compared to Sc hmidh ub er’s sc heme. Recen tly Ho chreiter and Schmidh ub er (1997) prop osed a metho d called "Long Short- T erm Memory" (LSTM). LSTM learns to bridge minimal time lags in long time steps b y enforcing constant error o w through "constan t error carrousels" within sp ecial units. Multiple gate units learn to op en and close access to the constan t error ow: this mec hanism seems to b e analogous to the gate op ening mec hanism of the mixture of exp erts giv en in this pap er. LSTM do es not address directly the issue of the m ulti- ple lev els of articulation on whic h w e ha v e fo cused in the curren t pap er. Ring (1994) prop osed a hierarchical learning sc heme in whic h sequen tial tasks are learned by com- bining already kno wn tasks into new ones b y means of reinforcemen t learning. Since the hierarc h y in Ring’s system is built on the discrete represen tation of sensation and 18 action as system primitives, his sc heme cannot b e applied directly to the problem of articulating con tin uous sensory-motor ow. 6 Conclusion In this pap er, w e ha v e prop osed a nov el sc heme of hierarc hical learning for sensory- motor systems using the mixture of RNN exp erts. The sc heme w as examined through sim ulation exp erimen ts concerning on-line na vigation learning. The results indicate that the rob ot learns to articulate a con tin uous sensory-motor ow dynamically while the mo dular and hierarc hical structures are self-organized internally in a recursiv e manner across m ultiple lev els. W e explained the observ ed mec hanism of articulation qualitativ ely b y using the dynamical systems language and w e ha v e discussed its cor- resp ondence with the atten tional switc h mec hanism. The prop osed approac h can b e dev elop ed in man y w a ys in the future. The ex- ample considered in this pap er w as limited to the prediction learning of the sensory- motor o w. One future dev elopmen t could b e the inclusion of motor or action-learning mec hanisms. The sc heme should b e extended to cov er b oth prediction-learning and b eha vior-learning to ensure that \concepts" can also b e self-organized for the purp ose of action generation. Then, goal-directed planning can b e carried out b y utilizing the acquired in ternal represen tation em b edded in the in trinsic dynamics of the RNNs, as had b een describ ed in Ref. T ani (1996). One limitation of the presen t study is that all the in teractiv e pro cesses w ere undertak en using only the b ottom-up path w a y in the arc hitecture. A more general mo del is one in whic h top-do wn pro cesses interact with b ottom-up pro cesses such that a mo dule can b e activ ated b y means of of bi-directional in teractiv e dynamics b et w een the top-down prediction from the higher lev el net w ork and the b ottom-up signals from the lo w er lev el netw ork. In future research, w e will study ho w goal-directed b ehavior can b e generated in the extension of the prop osed sc heme b y considering the shortcoming men tioned ab ov e. 19

References [1] Baars, B.J. (1997). In the the ater of c onsciousness: the worksp ac e of the mind . Oxford: Oxford Univ ersit y Press. [2] Beer, R. (1995). A dynamical systems p ersp ectiv e on agent-en vironmen t interaction. A rti�cial Intel ligenc e , 72(1), 173{215. [3] Beer, R. (1996). T o w ard the ev olution of dynamical neural netw orks for minimally cognitiv e b eha vior. In P . Maes, M. Mataric, J. Mey er, J. P ollac k and S. Wilson (Eds.), F r om A nimals to Animats 4 (pp.421{429), Cam bridge, MA: MIT press. [4] Bengio, Y., & F ransconi, P . (1995). An input-output HMM arc hitecture. In J.D. Cow an, G. T esauro and J. Alsp ector (Eds.), A dvanc es in Neur al Information Pr o c essing Systems 7 (pp.427{434), Cam bridge, MA: MIT Press. [5] Billard, A. (1996). Do y ou follo w me? or learning to sp eak through imitation for so cial rob ots. Master’s thesis, Dept. of AI, Universit y of Edinburgh, UK. [6] Cacciatore, T.W., & No wlan, S.J. (1994). Mixtures of controllers for jump linear and non-linear plan ts. In G. T esauro, D.S. T ouretzky and T.K. Leen (Eds.), A dvanc es in Neur al Information Pr o c essing Systems 6 (pp.719{726), San Mateo, CA: Morgan Kaufmann. [7] Cric k, F. (1984). F unction of the thalamic reticular complex: the searc hligh t hypothesis. Pr o c. of the National A c ademy of Scienc es, USA , 81, 4586{90. [8] Elman, J. (1990). Finding structure in time. Co gnitive Scienc e , 14, 179{211. [9] Endo, T., & Mori, S. (1978). Mo de analysis of a ring of a large n um ber of m utually coupled v an der P ol oscillators. IEEE T r ans. Cir cuits Syst. , CAS-25(1), 7{18. [10] Ho chreiter, S., & Sc hmidh uber, J. (1997). Long short-term memory . Neur al Computa- tion , 9(8), 1735{1780. [11] Jacobs, R., Jordan, M., No wlan, S. & Hin ton, G. (1991). Adaptiv e mixtures of lo cal exp erts. Neur al Computation , 3(1), 79{87. [12] Jordan, M., & Jacobs, R. (1994). Hierarc hical mixtures of exp erts and the EM algorithm. Neur al Computation , 6(2), 181{214. [13] Khatib, O. (1986). Real-time obstacle a v oidance for manipulators and mobile rob ots. The Int. J. of R ob otics R ese ar ch , 5(1), 90{98. 20

[14] Kohonen, T. (1982). Self-organized formation of top ographically correct feature maps. Biolo gic al Cyb ernetics 43, 59{69. [15] Krose, B., & Eecen, M. (1994). A self-organizing represen tation of sensor space for mobile rob ot na vigation. Pr o c e e dings Int. Conf. on Intel ligent R ob otics and Systems ’94 , 257{263. [16] Kuip ers, B. (1987). A qualitativ e approac h to rob ot exploration and map learning. Pr o c e e dings AAAI Workshop Sp atial R e asoning and Multi-Sensor F usion , 774{779. [17] Kuniy oshi, Y., Inaba, M., & Inoue, H. (1994). Learning by w atc hing: extracting reusable task kno wledge from visual observ ation of h uman p erformance. IEEE. T r ans. on R ob otics and Automation , 10(6), 799{822. [18] Mataric, M. (1992). Integration of representation in to goal-driv en b eha vior-based rob ot. IEEE T r ans. R ob otics and Automation , 8(3), 304{312. [19] Meila, M., & Jordan, M.I. (1998). Estimating dep endency structure as a hidden v ari- able. In M.I. Jordan, M.J. Kearns and T.K. Leen (Eds.), A dvanc es in Neur al Information Pr o c essing Systems 10 , Cam bridge, MA: MIT Press. [20] Nehmzo v, U. (1996). Flexible con trol of mobile rob ots through autonomous comp etence acquisition. Me asur ement and Contr ol , 28(2), 48{54. [21] New ell, A., & Simon, H. (1976). Computer science as emprical inquiry: symbols and searc h. Communic ation of the A CM , 19, 113{126. [22] New ell, A. (1980). Ph ysical symbol systems. Co gnitive Scienc e , 4, 135{183. [23] Newman, J. (1997). Putting the puzzle together, part I I: to w ards a general theory of the neural correlates of consciousness. Journal of Consciousness Studies , 4(2), 100{121. [24] Nol�, S. & T ani, J. (1999). Extracting regularities in space and time through a cascade of prediction netw orks: the case of a mobile rob ot na vigation in a structured en vironmen t. to app e ar . [25] P a w elzik, K., Kohlmorgen, J. & Muller, K.-R. (1996). Annealed comp etition of exp erts for a segmen tation and classi�cation of switc hing dynamics. Neur al Computation , 8(2), 340{356. [26] P ollac k, J. (1991). The induction of dynamical recognizers. Machine L e arning , 7, 227{252. 21

[27] Ring, M. (1994). Con tin ual learning in reinforcement en vironmen t. Ph.D thesis, Uni- v ersit y of T exas at Austin. [28] Rumelhart, D., Hin ton, G., & Williams, R. (1986). Learning internal represen tations b y error propagation. In D.E. Rumelhart and J.L. McClelland (Eds.), Par al lel Distribute d Pr o c essing . Cam bridge, MA: MIT Press. [29] Sc hmidh ub er, J. (1992). Learning complex, extended sequences using the principle of history compression. Neur al Computation , 4(2), 234{242. [30] Sc honer, G., Dose, M., & Engels, C. (1995). Dynamics of b eha vior: Theory and ap- plications for autonomous rob ot arc hitectures. R ob otics and Autonomous Systems , 16, 213{245. [31] Smith, L., and Thelen, E. (1994). A dynamic systems appr o ach to the development of c o gnition and action . Cam bridge, MA: MIT Press. [32] Smithers, T. (1996). On what em b o diment migh t ha v e to do with cognition. Pr o c e e dings AAAI F al l Symp osium, Emb o die d Co gnition and A ction , 113{118. [33] T ani, J. (1998). An in terpretation of the ’self ’ from the dynamical systems p ersp ective: a constructivist approac h. Journal of Consciousness Studies , 5(5-6), 516{42. [34] T ani, J. (1996). Mo del-Based Learning for Mobile Rob ot Na vigation from the Dynamical Systems P ersp ectiv e. IEEE T r ans. System, Man and Cyb ernetics Part B , 26(3), 421{436. [35] T a ylor, J.G. & Ala vi, F.N. (1993). Mathematical analysis of a comp etitiv e net w ork for atten tion. In J.G. T a ylor(Ed.), Mathematic al Appr o ach to Neur al Networks . New Y ork: La wrence Erlbaum. [36] v an Gelder, T. The dynamical h yp othesis in cognitiv e science. Behavior and Br ain Scienc es , in press. [37] V arela, F., Thompson, E., and Rosch, E. (1991). The emb o die d mind . Cam bridge, Mass.: MIT Press. [38] W olp ert, D. & Ka w ato, M. (1998). Multiple paired forw ard and inv erse mo dels for motor con trol. Neur al Networks 11, 1317{1329. [39] Y amauc hi, B. M., & Beer, R. D. (1994). Sequen tial b ehavior and learning in evolv ed dynamical neural net w orks. A daptive Behavior 2(3), 219{246. 22

[40] Zimmer, U. R. (1996). Robust world-modeling and na vigation in a real w orld. Neur o- Computing 13, 247{260. 23

List of Figures 1 The complete arc hitecture of the mixture of RNN exp erts for prediction learning. (a) hierarc hical learning arc hitecture, (b) details of eac h RNN mo dule for learning the sensory-motor o w in the lo w er level, and (c) RNN mo dule for learning the gate op ening dynamics in the higher lev el. 25 2 (a) Sim ulation w orkspace consisting of t w o ro oms connected by a do or. (b) the time developmen t of the sim ulated range image while the rob ot tra v eled. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 26 3 Time dev elopmen t of the op ening of 5 gates and of a motor input in the lo w er lev el net w ork for three di�eren t p erio ds. The n um b er near the data denotes the curren t winning gate. : : : : : : : : : : : : : : : : : : 27 4 Along the tra jectory of the rob ot tra v el indicated b y the dotted lines, the num b er in paren theses indicates whic h mo dule wins and the n um b er without paren theses denotes the step n um ber when the mo dule switc hing to ok place. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 28 5 Gate op ening dynamics in the higher lev el netw ork during the whole pro cess of learning. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 29 6 (a) sho ws the sequence of inputs (shown in the b ottom ro w) and the corresp onding prediction outputs b y eac h RNN mo dule (sho wn in the upp er �v e ro ws) in the higher level net w ork. (b) indicates the time dep endence of the prediction error by eac h RNN mo dule. : : : : : : : : 30 7 The phase tra jectory for eac h RNN mo dule in the higher lev el is shown for its in trinsic dynamics and for its coupled dynamics with Ro om A and Ro om B, in the upp er ro w, middle ro w and b ottom ro w, resp ectiv ely . 31 8 Dynamic mec hanism of articulation. The input ow is articulated when coherence with the o w is switc hed among the rep ertoire of the in trinsic dynamics con tained in multiple mo dules. : : : : : : : : : : : : : : : : : 32 24

Figure 1: The complete arc hitecture of the mixture of RNN exp erts for prediction learning. (a) hierarc hical learning arc hitecture, (b) details of each RNN mo dule for learning the sensory-motor o w in the lo w er level, and (c) RNN mo dule for learning the gate op ening dynamics in the higher lev el. 25

Figure 2: (a) Simulation w orkspace consisting of t w o ro oms connected b y a do or. (b) the time developmen t of the sim ulated range image while the rob ot tra v eled. 26

Figure 3: Time developmen t of the op ening of 5 gates and of a motor input in the lo w er lev el net w ork for three di�eren t p erio ds. The n um ber near the data denotes the curren t winning gate. 27

Figure 4: Along the tra jectory of the rob ot tra v el indicated b y the dotted lines, the n um b er in paren theses indicates whic h mo dule wins and the n um b er without paren- theses denotes the step n um b er when the mo dule switching to ok place. 28

Figure 5: Gate op ening dynamics in the higher lev el net w ork during the whole pro cess of learning. 29

Figure 6: (a) sho ws the sequence of inputs (sho wn in the b ottom ro w) and the corre- sp onding prediction outputs b y eac h RNN mo dule (sho wn in the upp er �v e ro ws) in the higher level net w ork. (b) indicates the time dep endence of the prediction error by eac h RNN mo dule. 30

Figure 7: The phase tra jectory for eac h RNN mo dule in the higher lev el is sho wn for its in trinsic dynamics and for its coupled dynamics with Ro om A and Ro om B, in the upp er row, middle ro w and b ottom ro w, resp ectiv ely . 31

Figure 8: Dynamic mec hanism of articulation. The input o w is articulated when coherence with the o w is switc hed among the rep ertoire of the intrinsic dynamics con tained in m ultiple mo dules. 32