ector of oating oin um ers ector of oating oin um ers ector of oating oin um ers smo oth ector of oating oin um ers birth An in teger: The um er of exemplars whic had een stored in the tree efore this one as added short in teger: the mass of this exemplar oating oin um er: the denominator of the lo cal erage calculation of smo oth discussed elo able 7.1: The �elds of SA -tree no de 7.4.2 SAB -tree Represen tation: Details An SAB -tree has ro ots: an SA -tree ro ot and an SB -tree ro ot. The former is d-tree indexed on the comp onen ts, and the latter indexed on the comp onen ts. All the data is held in the no des of the SA -tree, while the no des of the SB -tree are simply oin ters to SA -tree no des whic con tain the same exemplar information. The di�erence et een these d-trees is that the yp erplanes splitting up the SA -tree space are in State Action space, while the yp erplanes for the SB -tree are in State Beha viour space. Th us, nearest neigh our (and related) searc hes can tak place in either the or comp onen ts using the appropriate ro ot. In either case the result is an SA -tree no de. Eac no de of the SA -tree con tains the data sho wn in able 7.1. The set of no des are sub ject to the follo wing in arian ts, whic are main tained whenev er new exemplar is added: lo als weight (7 13) smo oth lo als weight (7 14) where lo als is true if range and the function weight is de�ned in Section 7.2. 7.4.3 Up date All the computation is erformed when oin is added to the SAB -tree instead of when the SAB tree is queried to mak prediction. This is useful ecause there will maxim um of one up date er con trol cycle, whereas there ma man predictions required in order to assess di�eren os- sible actions. able 7.2 illustrates the sequence of op erations when new oin +1 +1 +1 91

Op eration Action Order of Cost �nd-lo cals Find all lo cal exemplars in range of smo othing ernel. sa log main tain-bsmo oth Ev aluate +1 smo oth sa Up date smo oth comp onen ts of lo cals. sa remo e-bad Chec for elderly and inaccurate lo cals. sa Delete bad oin ts. (see text) insert-new Find insertion tree no des. sa sb log able 7.2: When new exemplar is added is added. In this table, is the um er of exemplars in the SAB -tree and is the um er of exemplars found to lie within the smo othing range of +1 +1 ). sa and sb The �nd-lo cals op eration mak es range searc (also describ ed in Section 6.7) of the SAB -tree in the comp onen ts, �nding all exemplars within distance range of +1 +1 ). Assume that are found. It is hard to predict in adv ance ho the exp ected alue of will dep end on the dimensionalit of the data and the size of the SAB -tree, and so this will left to empirical observ ation. main tain-bsmo oth ev aluates the smo oth of the new exemplar and sim ultaneously up dates the lo cals. The smo othed alues of the lo cals could readjusted naiv ely recursiv ely recomputing the smo othed alues for eac lo cal. This ould in olv range searc for eac of the lo cals, whic ould exp ensiv e. Instead, the �eld can used to reduce the computation to arithmetic op erations for eac lo cal. Let smo oth old the smo othed alue of the th lo cal exemplar efore the new exemplar, +1 +1 +1 ), is added. Let smo oth new the smo othed alue after. Finally let weight +1 +1 ). Then from Equation 7.14 smo oth old lo als weight (7 15) and smo oth new +1 lo als weight (7 16) +1 smo oth old (7 17) 92

Algorithm: Main taining smo oth comp onen ts Input: +1 the new state ector +1 the new action ector +1 the new eha viour ector lo cals the set of lo cal ectors Output: +1 smo oth the new smo othed ector +1 the new denominator alue Changed: The smo oth and comp onen ts of eac exemplar in lo cals Preconditions: In arian ts of Equations 7.14 and 7.13 ostconditions: +1 smo oth +1 and the smo oth comp onen and com- onen of eac exemplar in lo cals is up dated to main tain the in arian up on the addition of the new exemplar. Co de: 1. eigh ted-sum := 2. +1 := 3. for eac exemplar smo oth lo cals 3.1 := weight +1 +1 3.2 smo oth := smo oth old +1 3.3 := 3.4 eigh ted-sum := eigh ted-sum 3.5 +1 := +1 4. +1 smo oth := eigh ted-sum +1 able 7.3: Algorithm: The main tain-bsmo oth op eration. This ev aluates the new smo othed eha viour comp onen and adjusts the lo cal smo othed comp onen ts. When smo oth new has een up dated, is then up dated to The algorithm to sim ul- taneously up date lo cals and �nd +1 smo oth is giv en in able 7.3. The remo e-bad op eration searc hes those lo cal oin ts whic are older than the mean age and �nds an whic are deemed inaccurate the measure of Section 7.3. These are deleted from the SAB -tree, whic is ac hiev ed simply marking the exemplar to ignored in all future searc hes. Section 7.5 details ho these dead no des are ccasionally garbage collected. When oin is deleted, all of its lo cal neigh ours ust hange their smo oth comp onen ts to tak accoun of the deletion. The lo cal neigh ours of the exemplar to deleted are found range searc h, and their smo oth and comp onen ts are up dated accordingly (b an algorithm analogous to the main tain-bsmo oth algorithm). 93

The insert-new op eration �nds the correct no de in eac of the SA -tree and the SB -tree in whic to store the new exemplar, using the incremen tal insertion op eration from Section 6.7. During the searc for the correct no de it migh �nd near iden tical no de, in whic case it is not stored explicitly but instead implicitly increasing the mass of the near iden tical no de. 7.5 SAB-tree Garbage Collection The orld mo del represen ted SAB -tree is up dated and accessed during task execution. The lo cal up dates ha the ideal abstract prop erties whic allo us to consider the eha viour of the SAB -tree as simple set of exemplars whic can accessed nearest neigh our. When the task is not executing, there ma some desirable alterations whic could made to the SAB -tree. These are not in tended to alter the meaning of it in an but to impro the exp ected access time for future nearest neigh our searc hes. One exemplar set can represen ted man di�eren SAB -trees, and some SAB -trees are more e�cien than others. The tree that has een built incremen tally ma not the most e�cien for the follo wing reasons: 1. or Structure. As discussed in Section 6.7, the shap of the yp erregions in d-tree can a�ect the nearest neigh our searc h. These can only hosen ell if the tree is built with kno wledge of all the data whic it is to con tain: this is clearly not ossible if oin ts are added incremen tally when the d-tree’s structure will determined en tirely according to the order in whic the oin ts arriv ed. 2. Im balance. rob otic system is lik ely to sp end erio ds of time in ery similar areas of the state space. This can mean ery uniform data arriving whic causes serious im balance. 3. Dead oin ts. oin ts are mark ed as dead when they are old and inaccurate. rom then on they remain in the tree, asting memory and ccasionally increasing searc time. This is particularly serious after sudden hange whic results in large regions of the SAB -tree eing killed. The garbage collection op eration happ ens when the rob otic system is not in use. It attens the SAB -tree in to list of exemplars, remo es the dead oin ts and then rebuilds the SAB -tree using the balance-inducing and yp errectangle-c ho osing algorithm of Section 6.7. The theoretical cost is (( )( log )) (7 18) where is the um er of liv oin ts and the um er of dead oin ts. There is an am using analogy et een this garbage collection and uman sleep; one purp ose of the latter is eliev ed to the remo al of extraneous links et een memories or kno wledge acquired during the da 94

Chapter SAB Con trol omputational ly che ap metho for le arning world mo dels has en pr op ose and develop in Chapters 5|7. This chapter shows how to use the world mo dels to make ontr ol de cisions using pr ob abilistic heuristic. It then analyses and il lustr ates the metho d. 8.1 Making Con trol Decision It is no time to review the con trol cycle �rst in tro duced in Section 4.4. This cycle con trolled dynamic task while main taining and impro ving its SAB orld mo del. Since then, Chapter explained ho and wh the nearest neigh our generalization is to used to represen the mo del. Chapters and sho ed to to up date and access this orld mo del, in the ossible presence of disorder. The emphasis as on erforming these op erations e�cien tly This hapter addresses the question of ho the orld mo del should used. It will consider general metho to implemen Step of the SAB con trol cycle, rep eated here for con enience in able 8.1. motiv ate this section, pro vide an illustration from the simple Moun tain Car domain of Section 4.3. In this example, the state is the distance from the start, the action is the distance that the edal is pressed and the eha viour is the erceiv ed horizon tal elo cit Imagine that learning has just egun, and the task is to guide the moun tain car from state km to state km at constan elo cit units. An error of units is considered acceptable. So far, there ha een four SAB learning cycles whic ha pro duced these four exemplars: (0 7) (1 3) (2 1) (1 5) (8 1) The situation is depicted in Figure 8.1, with the exemplars ositioned in State Action space. The olygons separate the arious nearest neigh our regions. The ertical line denotes the curren state curren 4. this oin the con troller ust decide what to do. If it ho oses lo w-v alued action then the 95

1. Observ curren erceiv ed state curren 2. Receiv task sp eci�c goal eha viour goal from higher lev el of con trol. The requested eha viour migh dep end partially on curren 3. Access the curren orld mo del to obtain ra ac- tion ra whic is predicted to lik ely to ac hiev goal acting in the curren state. 4. Apply action ra 5. Observ actual eha viour actual 6. Up date the orld mo del with the information that curren ra actual able 8.1: The SAB Con trol Cycle Figure 8.1 State Action space with the regions denoting the e- ha viour predicted the nearest neigh our. The brigh ter the region, the closer it is to the goal e- ha viour of 5.6. No an to �nd to giv (3 6). 96 state-action pair it applies will in the lo er brigh region, whic is predicted to ery go d, with eha viour 7. But in man ys, an action near the most recen action (whic pro duced eha viour 1) has prediction whic lo oks more eliable ecause it is closer. As result, despite the predicted eha viour eing inferior, it migh preferable (w will see later that this is what partial in ersion ould recommend). But then, erhaps it ould mistak to try the same action again: if the con troller nev er tries an ything new, ho can it hop to impro e? 8.1.1 The Utilit of Information There are opp osing aims in making con trol hoice. These are 1. erform. wish to erform as ell as ossible giv en the kno wledge con tained in the erformance elemen t. 2. Exp erimen t. In order to erform etter in future, it is orth trying actions with no guar- an teed success, but with the hance of aluable disco ery Aim represen ts doing the est for the system immediately and Aim represen ts an in estmen in the future. This is the same decision as that of corp orate director deciding whether to pa the shareholders dividend, or pro vide extra �nances for the compan y’s division. The system ust tak in to accoun the utility of information Giv en SAB -tree represen tation of the PSTF the erform mo de of op eration can easily ac hiev ed partial in ersion. There migh some exp erience in the SAB -tree in whic an action applied in state close to the curren state had pro duced eha viour close to that of the goal. If this is so, then partial in ersion will obtain this action. If suc previous exp erience is not ailable, partial in ersion ma suggest something sensible, but for reasons describ ed in Section 5.1 is not reliable. Figure 8.2 sho ws the action recommended partial in ersion for the exemplar set of Equation 8.1. It is immediately clear that it is not desirable for the learning con troller to either erform only Aim or Aim 2. If it only ev er tried what it knew est there ould no div ersit of exp erience and learning ould not ccur. If it only ev er exp erimen ted there ould large dy of kno wledge, but no impro emen in erformance. 8.1.2 Random Exp erimen tation One approac to this dilemma is to ha mo des of op eration. The �rst is exp erimen tal, where actions are hosen randomly with no reference to previous exp erience. The second is demonstration- mo de in whic no hances are tak en, and the est kno wn action is alw ys used. These mo des are altered an in telligen sup ervisor whic can judge when further exp erimen tation is needed and when it is ositiv ely un elcome. An e�ectiv example of these mo des of op eration is Mel’s 97

Figure 8.2 Exemplars in State Beha viour space. The regions denote the ac- tion recommended par- tial in ersion. The shad- ing denotes the desirabilit of arious eha viours. ar- tial in ersion to obtain e- ha viour �nds the near- est neigh our to the cross, and th us recommends ac- tion 5. MURPHY Mel, 1989 This learns the in erse di�eren tial kinematics �rstly \ ailing" the arm in fron of its camera and then making plans based on the results of the observ ations. Instead of requiring an in telligen sup ervisor to decide when it has �nished learning, the con- troller can ccasionally test itself. Let us call this metho ‘R’-con trol (Random decisions). The moun tain car learning task as run with alternate trials of erform and exp erimen t. On ev ery dd um ered trial, the con troller simply hose random actions. On ev ery ev en um ered trial, the con troller, on eac ccasion, hose the est kno wn action. The hoice as means of partial in ersion. The learning curv for this sc heme is sho wn in Figure 8.3. The learning run as as rep eated fort times. Eac learning run started with no orld kno wledge, and then erformed eigh trials. Eac trial as an attempt at the moun tain car task. The car as started at state 5km and actions ere executed un til the state as greater than 5km. An action as successful if it resulted in sp eed et een units and units. The correct tra jectory is obtained the set of actions whic eep the state in the white zone of the diagram. On eac dd trial, random actions ere tak en, and on eac ev en trial the est kno wn actions ere tak en. or eac ev en trial, the um er of unsuccessful action hoices as recorded. or eac dd, random, trial the results ere discarded. or the th trial, the graph sho ws the mean um er of errors for the fort ccasions of trial The ertical bars displa sample standard deviations (for explanation of the con�dence-lev el ey see App endix A). This graph indicates that the ‘R’-con troller do es indeed learn, but that ev en after eigh trials the erformance tends to or. The learning rate is slo ecause, for eac area of the state space, the con troller ust ait un til the random exp erimen ts happ en to obtain correct action. 98

Figure 8.3 erformance against trial um er for con troller whic h, on alternate trials, erforms and ell as os- sible and exp erimen ts ran- domly This data is ob- tained from fort indep en- den learning runs. Some exp erimen ts at some states migh luc ky early others ery unluc ky erhaps for all eigh trials. The slo learning is directly related to the large amoun of useless data collected. Figure 8.4 sho ws the distribution of exemplars in the SAB -tree after one suc run of eigh trials, and it can seen to almost uniform. As explained in Chapter 5, uniform distribution of exemplars can lead to ery slo rate of learning. Recalling from Chapter ho badly the nearest neigh our generalization erforms in uniform distributions, it is erhaps surprising that learning ccurs at all. The reason it do es ccur is that the moun tain car uses only o-dimensional con trol space. It seems unlik ely in con trol space of higher dimension, that the metho ould learn to tolerance as accurate as this within an attainable um er of trials. 8.1.3 Lo cal Random Exp erimen tation An impro emen is the ‘L’-con troller. This mak es lo cal random erturbations of the est kno wn action instead of ho osing en tirely random actions. The �rst action, in the �rst trial, is hosen en tirely at random, ecause with no exp erience there can no est kno wn action. Figure 8.5 sho ws the erformance, with iden tical exp erimen tal conditions to those of the ‘R’-con troller. Its learning is sup erior, and ccasionally it ac hiev es erfect eha viour within eigh trials. There is still great deviation in learning sp eeds. The sp eed dep ends on the ery �rst randomly hosen action. If it happ ens to ery wrong, then it will tak man trials un til it is adjusted enough to righ t. If it is luc ky with the �rst random guess, then learning will pro ceed uc more quic kly There is also another danger with ‘L’-con trol whic as escap ed here: that it migh fall in to lo cal minim um at some area of the state space. This ould ccur if the est kno wn action is etter than its surrounding actions, without eing globally est. In sligh tly more complex domain, suc 99

Figure 8.4 The distribution of exem- plars in State Action space after learning using the ‘R’-con troller. Figure 8.5 erformance against trial um er for con troller whic h, on alternate trials, erforms as ell as ossible and exp erimen ts with lo cal erturbations. This data is obtained from fort inde- enden learning runs. 100

Figure 8.6 erformance against trial um er for sceptical con- troller (‘SR’-con trol). This hec ks the est recom- mended action efore use, and if success is not pre- dicted, tries something ran- dom. lo cal minima are ossible. con troller whic has danger of nev er escaping lo cal minima is not robust. com bination of ‘R’-con trol and ‘L’-con trol could designed whic h, when exp erimen ting, ould ccasionally ho ose lo cally and ccasionally globally This is similar to the solution whic sim ulated annealing uses to oid lo cal minima in its hill clim bing. The learning eha viour is lik ely to lie et een that of ‘R’ and ‘L’-con trol, with the danger of lo cal minima remo ed. 8.1.4 Sceptical Exp erimen tation The con trol sc hemes men tioned up to no ha the problem that learning do es not ccur during trial. During dd-n um ered trials there are ccasions when the ‘R’ or ‘L’-con troller should kno what should done next but astefully ignores it, instead trying some di�eren random action. Con ersely on some ev en trials there are ccasions when the con troller should kno that the action suggested partial in ersion is not go enough. On suc ccasions, to rep eat the same action is to rep eat kno wn error. Instead, ecause the exemplar set can used for prediction as ell as for partial in ersion, candidate action can che cke efore its application. Th us the use of mo des of op eration can disp ensed with, and instead the est kno wn action can, on all ccasions considered, but only as andidate action. Suc sceptical con troller only then exp erimen ts when the candidate action is predicted to unsuccessful. Figures 8.6 and 8.7 sho ws the results of sceptical con trollers. ‘SR’-con trol uses the est kno wn action when it predicts success, and ho oses random exp erimen otherwise. ‘SL’ is similar except that it erturbs the est action when exp erimen ting. These metho ds erform etter than ‘R’-con trol and ‘L’-con trol resp ectiv ely ‘SL’-con trol ac hiev ed 101

Figure 8.7 erformance against trial um er for sceptical con- troller (‘SL’-con trol). This hec ks the est recom- mended action efore use, and if success is not pre- dicted, erturbs the ac- tion. erfect erformance within eigh trials on almost half of the learning runs. This success motiv ates an attempt to try to squeeze further information out of the exemplar set. 8.1.5 SAB Action Cho oser The new sc heme will again con ten if the predicted eha viour of the candidate action is successful. Ho ev er, if not it will ho ose an alternativ action with more care. Instead of ho osing the �rst random action whic it generates, it generates sev eral random actions, and in turn uses its orld mo del to predict the result of using them. Ho should it rank di�eren candidate actions? One idea is to ho ose the action with the est predicted eha viour. Up on insp ection, this loses its app eal. If nothing has ork ed ell in the con troller’s exp erience, then despite its inadequacy the action with the est predicted eha viour is lik ely to close to or at the initial candidate action obtained from partial in ersion. Th us the con troller will consisten tly ho ose something whic it kno ws will erform undanely in preference to actions whic it, less reliably predicts to orse. ortunately the eliability of predictions can also estimated thanks to the explicit exemplar set represen tation. The closer the nearest neigh our whic has een used to mak the prediction, the more reliable it is. desirable qualitativ ranking of candidate actions is: 1. (Best) The candidate action is predicted to successful, and is reliable. 2. The candidate action is predicted to successful, but the prediction is unreliable. 3. The candidate action is not predicted to successful, but this prediction is not reliable. 4. (W orst) The candidate action is reliably predicted to unsuccessful. 102 will no in tro duce quan titativ heuristic whic ac hiev es this qualitativ ranking. First, it should made clear what constitutes successful eha viour. The SAB cycle de�nition states that the higher lev el con troller sp eci�es target eha viour goal If success is ev er to attainable, some small deviation from this goal ust deemed acceptable. Dep ending on the task, di�eren accuracies migh adequate. urthermore, di�eren comp onen ts of the goal eha viour ma needed to di�eren accuracy sp ecify this, the con troller also supplies Dim Beha viour )- dimensional tolerance ector, It is not necessary for the tolerance to aried during learning| if high accuracy is required high tolerance can sp eci�ed righ from the start. Beha viour achieves ehaviour goal to toler anc i� goal goal (8 2) where is the th comp onen of ector The ranking heuristic can ac hiev ed quan titativ ely some elemen tary decision analysis. Actions are rank ed their estimated pr ob ability of suc ess mak this estimate, ha at our disp osal the nearest neigh our in to curren ). Call this exemplar near near near smo oth near ). mo del the unkno wn eha viour at the oin curren as random ariable in uenced this nearest neigh our. Call this random ariable It aries er the space of real-v alued Dim Beha viour )-dimensional ectors. The exp ected eha viour is smo oth near The reliabilit of the exp ected eha viour is high if the exemplar is close, and it is lo if the exemplar is distan t. This is mo delled setting the standard deviation of the ariable to prop ortional to the distance to near near ). Call the constan of prop ortionalit There is no other useful information whic can obtained from the nearest neigh our, and so to fully sp ecify the random ariable, this heuristic will assume it is distributed normally with indep enden ector comp onen ts. are no in osition to quan tify the probabilit of success. Let us �rst consider the hance that the th comp onen is successful. This probabilit is denoted succ curren goal (8 3) whic will de�ne as the probabilit that applying action in the curren state curren will cause the th comp onen of the resulting eha viour to successful. riting the th comp onen of the resulting eha viour as then th comp onen success" means that is within tolerance, or sym olically: goal goal (8 4) The probabilit of success will computed solely in terms of the exemplar set summarize, ha de�ned succ curren goal Prob goal goal curren a; (8 5) 103

Figure 8.8 The succ estimate. The probabilit of success is the area of the shaded region. The probabilit is computed with resp ect to the nearest neigh our of curren ). Call this neigh- our near near near smo oth near ). Then, as describ ed ab e, assume the random ariable is distributed with exp ectation smo oth near and standard deviation near near curren Th us the probabilit that goal goal is the area under the appropriately trans- formed normal distribution curv in Figure 8.8, and can computed as succ curren goal erf goal smo oth near erf goal smo oth near (8 6) Where near near curren and near near near smo oth near is the nearest neigh our to curren in the state and action comp onen ts. The erf function is de�ned erf �1 dt (8 7) ha computed the hance that the th comp onen is successful, succ No w, under the inde- endence, assumption can calculate the actual probabilit of success: succ curren goal Dim =1 succ curren goal (8 8) illustrate the use of the heuristic, imagine that State Action and Beha viour are all 1- spaces, and that are in state curren and the desired goal is 11. Assume further that the only previous exp erience is that when and then 10. The use of the heuristic, 104

Figure 8.9 Cho osing an action whic is lik ely to cause eha viour in the range 10.5 to 11.5. op: Action ery close to earlier exemplar in whic eha viour as 10. Middle: Action fairly close. Bot- tom: Action ery di�er- en t. with tolerance of 5, is demonstrated in Figure 8.9. It compares three ossible actions and ho oses one whic is fairly near to 7, so that the eha viour will fairly near to 10 (and th us migh close to the goal, 11), but not so near to that the eha viour will surely extremely close to 10. are no also able to insp ect ho the heuristic eha es for the con trol hoice problem osed earlier in this section Figure 8.1. The graph in Figure 8.10 sho ws ho the probabilit of success aries with di�eren candidate actions. The constan is again hosen as 1. It sho ws that an action ery close to the partial-in ersion-recommended action is fa oured ra 5). This is reasonable, ecause the state is fairly di�eren from an state et exp erienced, and so rep eating the same action, there is not loss of div ersit of exp erience. sho what ould happ en if the state wer similar, mo the curren state sho wn in the original example of Figure 8.1 bac so it is ery close to the exemplar (2 1). mak the curren state 2.9. The graph of the new probabilit of success, in Figure 8.11, indicates that the candidate action of is no regarded ery orly This is ecause it is so close to an earlier exp erience whic did not ac hiev the required eha viour. This new, probabilistic, con trol hoice algorithm is summarized in able 8.2. In future it will called the SAB action ho oser. Before erforming empirical tests, let us consider some of its exp ected ene�ts. As shall see later, the heuristic is not sensitiv to the hoice of (the prop ortionalit constan et een nearest neigh our distance and standard deviation). The ranking et een go and bad candidate actions is hanged ery little as aries. Initially it is lik ely that for man states the only previous exp erience will negativ e. Then 105

Figure 8.10 The probabilit of success heuristic judging the candi- date actions for the situa- tion depicted in Figure 8.1. The heuristic has discon- tin uities et een nearest neigh our regions. or example, the state-action pair (3 6) has di�er- en nearest neigh our than (3 2), resulting in ery di�eren estimate. Figure 8.11 The probabilit of success heuristic judging the candi- date actions for an altered ersion of the situation de- picted in Figure 8.1. The alteration is that the cur- ren state is instead of 4. 106

Algorithm: SAB action ho oser Input: curren Dim State )-dimensional ector of real um ers goal Dim Beha viour )-dimensional ector of real um ers of yp exemplar-set Dim Beha viour )-dimensional ector of real um ers um er-cands of yp in teger Output: ra Dim Action )-dimensional ector of real um ers probsucc of yp real Pre: ost: probsucc succ ra curren goal There is also the informal requiremen that the probabilit of success relativ ely high. Co de: 1. pi ra pi pi smo oth := nearest neigh our to curren goal in (state,b eha viour) space 2. near near near smo oth near := nearest neigh our to curren ra in (state,action) space 3. probsucc := succ ra curren goal 4. If smo oth near is successful with tolerance then return ra and probsucc 5. for := un til um er-cands do 5.1 := randomly generated action 5.2 := succ curren goal 5.3 If probsucc then 5.3.1 probsucc := 5.3.2 ra := 6. return ra and probsucc able 8.2: The SAB action ho oser algorithm 107 this heuristic fa ours those actions whic are as far as ossible from an et applied. This is ecause the probabilit of success for actions whic are close to previous unsatisfactory eha viour is extremely lo w, while actions far ha probabilit of success whic is merely lo w. Th us wide ariet of actions will generated un til some relativ ely promising ones are disco ered. If the promising actions ere misleading, for example in lo cal minim um, then up on rep eated trials, the heuristic ould ev en tually once again fa our further oin ts. This is ecause the vicinit will gather man exemplars, and so an candidate action in the vicinit will close to promising, but unsuccessful, action. Because it is close, the reliabilit of the prediction will out eigh the fa ourable closeness to the goal eha viour. The partial in ersion action can also included among the candidate actions. If it is rank ed as est, despite not ha ving een predicted as successful, this merely indicates that the es- simistic prediction as unreliable. There is no danger of stuc states: if wrong, then next time will kno reliably that it is unsuccessful, meaning ery lo estimated probabilit of success. The candidate actions need not generated from uniform distribution, pro vided that all actions ha �nite probabilit of eing generated. non-uniform distribution, biased in fa our of the actions close to the partial-in ersion-recommended action, ma in some circumstances adv an tageous. This is analysed in the Section 8.2. If the task is in an rep etitiv then the system will ev en tually return to the same neigh- ourho of state space, and require the same goal eha viour. Let us assume that on the original ccasion the action ho oser had een successful. On the new ccasion none of this computation is needed. artial in ersion immediately pro vides the action, whic is then ali- dated nearest neigh our prediction. So, for rep etitiv task, the computational burden decreases as the eha viour impro es. If there is kno wn noise in the function, then ev en with the assumption that the smo oth near comp onen is an accurate alue of the exp ected eha viour, there is still some ariation to an ticipated if the same state-action pair ere to rep eated. This could included in the succ heuristic de�ning the standard deviation as near near curren (8 9) where is the estimated standard deviation of noise. In this in estigation this ossibilit has not een implemen ted ecause an explicit record of lo cal ariance is not stored. The empirical trial of the moun tain car task using the SAB action ho oser, ‘SAB’-con trol, as erformed in the manner of the earlier trials. The results are giv en in Figure 8.12. On eac cycle, 108

Figure 8.12 The erformance against trial um er for scepti- cal con troller, whic when confron ted with predicted failure uses the est out of �v randomly generated candidate actions. the um er of candidate actions as �v e. They ere hosen randomly from uniform distribution er the space of actions. In all fort learning runs, this con troller ac hiev ed erfect eha viour efore the 80th trial. This is evidence of the er whic can obtained from the nearest neigh our generalization. Once again, there is initially wide ariation in the erformance, et een trials 1{20. Figure 8.13 sho ws the distribution of exemplars after learning with ‘SAB’-con trol. They are clustered around the solution. It is exp ected that this e�ect ould more pronounced and more imp ortan in higher dimensional con trol space. ha de�ned measure for scoring candidate actions, but ha not pro vided metho for obtaining that whic has the highest score. This ould require searc of all ossible actions, whic for realistic space of ossible actions (w are assuming con tin uum of ectors), real time resp onse do es not ermit. Instead, the fa ourite of sample of randomly generated actions is used. large sample can exp ected to pro vide an action close to that whic ould recommended exhaustiv searc h, but with the enalt of more computation er action. An imp ortan question is ho do es erformance ary as the um er of candidates used aries, and also as their distribution aries. This is di�cult to analyse formally and so will discussed later on the basis of empirical observ ations from the results hapter. Here will con ten to mak few informal observ ations. Firstly consider the case where the action is only ev er hosen from small um er of candidates. Pro vided at least one candidate action is generated from distribution whic has non-zero densit er the en tire action space, then if one erforms series of trials all with the same curren and goal then (sub ject to goal eing attainable) ra will ev en tually con erge to alue whic ac hiev es the tolerance. Informally the pro of, whic requires general con tin uit ould similar to that in 109

Figure 8.13 The distribution of exem- plars in State Action space after learning using the ‘SAB’-con troller. Section 5.5, whic assumes exemplars are dra wn uniformly and randomly Instead, the exemplar generation is biased so that, in the absence of success, they are ositioned far apart from one another. This will not increase the time un til the whole action space is co ered with exemplars to distance =G and so the time needed is, if an ything less than that for uniform distribution. Secondly in the limit ould not exp ect the learning erformance to increase greatly with large increase in the um er of candidates. Consider using the est of million candidate actions. This is lik ely to ery close to the est ossible action to maximize the heuristic. But this heuristic is itself only an appro ximation, and small hange in, for example, the parameter, or the assumed normal distribution, ould hange the est recommended action more than one part in million. The use of the heuristic is to ho ose actions signi�can tly etter than randomly It is not exp ected to prescrib success. �rst it seems to go to true that there exists an optimization pro cedure whic is guaran teed to oid lo cal minima. The reason is that unlik most optimization pro cedures, this is using un ounded storage, and is th us mo delling the whole function, rather than merely eeping record of the lo cal searc state. The previous few paragraphs ha considered the case of rep etitiv ccasions in whic the same state and required eha viour ccur. When apply an action and disco er it as unsuccessful cannot immediately �nd out what ould ha happ ened had tried something else|the state, curren of dynamic manipulator cannot exp ected to remain constan t. The failure or success of the con trol hoice of the previous time step ma no longer relev an t. It is result of the explicit storage of the exemplars that the erformance can nev ertheless exp ected to impro e, ecause information from all those ccasions in the learning history whic ar curren tly relev an will still 110 ailable. 8.2 Con trol Decision Analysis In this section erform some elemen tary analysis to sho w, sub ject to some constrain ts on the con tin uit and slop of the PSTF that the SAB action ho oser metho optimizes the hosen action ery quic kly will mak some simplifying assumptions, then mo del the optimizing eha viour. will then discuss the relationship et een the analysis of the simpli�ed system and the exp ected erformance of the real action ho oser. The simpli�cations are 1. Assume the set of actions and the set of eha viours are oth one-dimensional. 2. Assume that on eac cycle ha the same state, and require the same eha viour. 3. Assume only ha small memory: recall only the most promising exemplar to date. 4. Assume manage to ho ose candidate action with the highest heuristic probabilit of success. It will ecome apparen that giv en the essimistic assumption 3, the optimistic assumption is easy to satisfy The SAB action ho oser is no osed as an optimization metho d, and can analyse ho quic kly this optimization con erges. The exemplar set con tains only the exemplar curren smo oth whic has had the most successful eha viour to date. can disp ense with the smo oth comp o- nen ecause, if there is only one exemplar, smo oth Giv en candidate action can use the probabilit of success estimate of Section 8.1. succ a; curren goal erf goal erf goal where (8 10) In this equation, is the distance of the candidate action from the est action et seen. If had een successful, then the maxim um probabilit of success ccurs with this distance set to zero and th us with rep etition of the previous action More rigorously as 0, then succ erf erf �1 0. If is not successful then the probabilit of success of rep eating is zero. or example, if goal then succ erf erf as 0. Th us succ (8 11) 111 or distance greater than zero, the probabilit of success estimate will ositiv e, but as the distance gets ery large, then the probabilit of success will again tend to zero ecause as succ erf (0) erf (0). Th us succ (8 12) The succ estimate is smo oth function of and so there ust an in termediate optim um distance. riting goal as the eha viour error of the curren exemplar, then the optim um ccurs when succ erf erf exp exp ln ln (8 13) So the ideal distance, or step size at whic to try the next action can computed. This recommended step size is function of the curren error in observ ed eha viour, and of the tolerance. If the error is large with resp ect to the tolerance, then ln ln (8 14) Th us, using Equation 8.13, the ideal distance is (8 15) Th us, if the curren error is large compared with the tolerance, the ideal optimization step is prop ortional to the curren error. eac cycle there will ossible actions to try next, one distance to the left of and one distance to the righ t. The actual action tried is selected at random. If there is impro emen then the curren est action is up dated, else it remains the same. If either or leads to impro ed eha viour then within an exp ected time steps, impro ed eha viour will obtained. If neither or giv an impro emen then either i) the algorithm has used to large step size or ii) the algorithm is in lo cal minim um. This simpli�ed SAB action ho oser ould then nev er progress. will discuss later the eha viour of the real algorithm in this circumstance. 112

If, ho ev er, progress is made, ho quic is it? It ould useful to deriv the exp ected increase in accuracy er step. Unfortunately to obtain this, further assumption is needed, that the PSTF has lo cally strictly ositiv (or strictly negativ e) slop e, ounded elo min and ab max 0. min max (8 16) where PSTF and PSTF ). Assume without loss of generalit that the eha viour of the most promising exemplar, is less than goal Then, unless one of the ab problems ccur, the addition of the computed step length to will result in hosen action that giv es impro ed eha viour. Using the appro ximation of Equation 8.15, ha +1 (8 17) But the assumption of ounded slop e, can deduce that +1 min +1 +1 max (8 18) where +1 PSTF +1 ). Therefore, from Equation 8.17, min +1 max (8 19) are in terested in +1 +1 goal the error of the next time step. It is not kno wn whether it will ositiv or negativ e, but in either case its magnitude is ounded ab e. In the �rst case, where +1 goal +1 goal +1 goal min goal (1 min (8 20) In the second case, where +1 goal +1 +1 goal goal max goal max 1) (8 21) In either case +1 where max max min The error +1 is constan factor less than pro vided that oth max 1) and (1 min 1. This implies that ust greater than max This, in turn agrees with the informal statemen of the previous section that the alue of should re ect the exp ected slop of the function. If is suitable then the error decreases exp onen tially with the um er of steps of optimization. In summary if the function is ell eha ed in the region of in terest, then if the initial error is large with resp ect to the tolerance, then eac time progress is made +1 (8 22) where is de�ned ab in terms of the function’s slop and the system parameter If the hoice whether to increase or decrease the curren est kno wn action is made randomly then progress can 113

Figure 8.14 Three state-free exemplars ha een ex- erienced, none ac hieving within tolerance 0.5 of the target eha viour of 8. The action comp onen of eac exemplar is aligned with the action axis of the graph. There are no four lo cal maxima in the succ esti- mate. exp ected once ev ery time steps. Th us after um er of time steps logarithmic in =� (the ratio et een the initial error and the required error) the eha viour is exp ected to successful. No let us consider what ould happ en to the algorithm if it do es remem er and reuse all its exp erience. It will sho wn that the optimization can still ac hiev an exp onen tial decrease in the error, ev en when the forgetful metho ould ha stopp ed impro ving. Impro emen ould ha stopp ed if the actions and had oth pro duced eha viour inferior to that of Let us consider the case where three exemplars are ailable for use the succ estimate. An illustration is giv en in in Figure 8.14, in whic the initial action (5 7) as not successful, but the exemplars at the computed ideal distance ere also unsuccessful, and oth orse. After this situation, the probabilit of success for all other candidate actions is plotted in the same �gure. As is exempli�ed here, there are precisely four lo cal maxima in the succ estimate. These ccur at the follo wing oin ts: c1 goal ln goal goal c2 c3 114 c4 goal ln goal goal The est of these four actions will attempted. Candidates or are hosen if the succ estimate susp ects that there is some successful eha viour et een and either or resp ectiv ely Th us, if the step size had een to big, the step size ould reduced to half its previous alue. If the resulting eha viour lo ok ed promising, searc ould con tin ue, either as in the original linear searc h, or if step lengths ere con tin ually erestimated, then as binary hop. In either case the error is reduced constan ultiplicativ factor at eac step. Candidates or are hosen if the eha viour at is so unpromising that is is preferable to large distance from the inferior or to remaining in the presence of This can view ed as an escap from lo cal minima. Th us, for one dimension, the eha viour of this optimization tec hnique is robust: it do es not get stuc in lo cal minima, but when the function is ell eha ed, the um er of bits of accuracy increases linearly The actual error th us decreases exp onen tially Unfortunately this has assumed dimensionalit of only and has used the simpli�cation that the hosen action is alw ys the most promising according to the succ estimate. shall no giv informal explanations as to wh the desirable eha viour can exp ected to scale up. Man Dimensions. The action space is not as large as the con trol space, but it can exp ected to up to six-dimensional for fully orien table rob ot arm. With more than one dimension there is con tin uum of candidate actions at the ideal distance, instead of merely the in the previous analysis. Ho ev er, if the function is ell eha ed in the sense of Equation 8.16 then half the candidate actions can exp ected to impro eha viour and half to degrade it. The exp ected um er of actions needed to impro eha viour is still only o. or high dimensional space of eha viours the exp ected decrease in error is, ho ev er, less than for one dimension. Maximizing the succ estimate is to exp ensiv e. This analysis has assumed that of those oin ts whic maximize the succ estimate, one as hosen as the next action. In practice, this can only appro ximated. The appro ximation consists of the est of um er of randomly hosen actions. The distribution is biased in fa our of actions whic ha the computed ideal distance. Th us it can hop ed that the est action appro ximates one of the actions with relativ ely high probabilit of success and so in turn it can hop ed that the lo cal searc ma still linear in the um er of bits of accuracy|this hop will tested in the results hapter. The reasoning of this section has lead to the follo wing heuristic for ho osing candidate actions. Some are generated lo cally and some globally The global actions are generated from uniform 115 distribution er the whole action space. Equation 8.15 indicated that go place to lo ok for candidates as within distance prop ortional to the curren error. There are system parameters for the random candidate generator: lo the probabilit of ho osing candidate action from the lo cal distribution, and lo the constan of prop ortionalit used when an action is generated lo cally 8.3 Learning One’s Own Strength The SAB action ho oser do es not get stuc in lo cal minima, and th us, on rep eated ccasions, will ev en tually searc the en tire action space to an gran ularit un til the eha viour is found. In some resp ects this is an adv an tage, but there is also signi�can dra wbac k. If the eha viour is not attainable then an enormous ariet of actions will tried unnecessarily Eac time one of these hop eless attempts is made, it is not guaran teed that the eha viour whic is pro duced is as close to the goal as it can get. This is precisely ecause the SAB action ho oser is oiding lo cal minima. This section do es not o�er general solution to this di�cult problem. Instead it is suggested that for man tasks one of the follo wing prop osals can used. Extra domain kno wledge. The designer can use their wn kno wledge of the system to ensure that all eha viours whic will requested are indeed attainable. Heuristic estimate of attainabilit The con troller can estimate from the orld mo del whether it eliev es the prop osed eha viour is ossible. One primitiv mec hanism for ac hieving the second solution is considered in App endix C. If the eha viours ha dir ction then giv en requested eha viour direction and eha viour magnitude, the heuristic computes an estimated probabilit that the magnitude can ac hiev ed. The higher lev el con troller can use the heuristic to decide whether to request the eha viour. This is related to di�cult problem of statistical decision theory: the \t armed bandit", review ed in Kaelbling, 1990a If one is told one ma ha large um er of go es on armed bandit in whic eac arm pa ys out with di�eren probabilit what should done to maximize the exp ected pa o� Con tin ue pulling the arm whic �rst pa ys out? erform three undred trials of eac and then alw ys pull the one whic erforms est? The curren consideration is similar. what oin should the SAB -con trol hoice mec hanism resign itself to nev er eing able to supply the requested eha viour, and instead alw ys supply the est kno wn? If it resigns to early then it migh miss trying an action whic ould ha actually ac hiev ed the eha viour. Th us learning will ha ecome \stuc k" at an error. If it resigns to late then during the searc the exp erimen tal actions are lik ely to degrade task erformance far more sev erely than if the est kno wn action ere used. Kaelbling, in Kaelbling, 1990b deals with this problem for the extreme case in whic the con troller has no orld mo del at all, and is instead trying to maximize ayo� signal. Her ork 116 suggests some algorithms whic are e�ectiv for orlds sp eci�ed binary-v alued input ectors, and whic empirically tend to �nd high pa o�s. Although the learning algorithms are computationally exp ensiv and the assumption is of small �nite space of actions, it ould certainly in teresting to apply similar tec hniques to this problem. 117

Chapter Learning to erform ask This chapter discusses scheme by which SAB world mo dels and the SAB action cho oser an inte gr ate into variety of tasks. naive ontr ol metho al le \ic puck ontr ol" is intr duc d. It is then explaine i) how low level tasks an ontr ol le dir ctly by the SAB action cho oser and ii) how some me dium level tasks an indir ctly ontr ol le using \ic puck ontr ol" and then iii) how lar ge omp ound task an mo dularize into hier ar chy of le arning subtasks. 9.1 Where do Goal Beha viours come from? The previous hapters ha in tro duced robust and e�cien metho to quic kly learn the dynamics of ossibly hanging orld. They ha also sho wn ho to use this mo del: when goal eha viour is required, ra action signal is obtained whic will either ac hiev the eha viour or else gain useful information. Let us reconsider Step in the original learning con troller sc heme, sho wn again in able 9.1. There is no general to ac hiev this step ecause there is no generic task. In this hapter will prop ose that for man of the common tasks whic migh exp ect rob ot to erform, the generation of goal eha viours is easy The sp eci�cation of rob otic tasks is similar to the sp eci�cation of soft are systems. It ccurs, at least initially in an abstract and rather informal form, erhaps as piece of text, or simply an idea. The design of metho to execute the task is again similar to the design of program: it is brok en up in to smaller sub comp onen ts, with corresp ondingly less abstraction. Di�eren programs often share some features, suc as graphical data displa and similarly man rob ot tasks ha common sub comp onen ts. Some of these ere men tioned in Chapter 2. They include comp onen ts suc as sensing, tra jectory follo wing, and holding still. the lo er lev els, the design of soft are and rob ot task design di�er: at an in termediate lev el of abstraction, the uman programmer can write do wn the program, and then the ompiler con erts these in termediate notations to the en tirely 118

1. Observ curren erceiv ed state curren 2. Receiv task sp eci�c goal eha viour goal from higher lev el of con trol. The requested eha viour migh de- end partially on curren 3. Access the curren orld mo del to obtain ra action ra whic is predicted to lik ely to ac hiev goal acting in the curren state. 4. Apply action ra 5. Observ actual eha viour actual 6. Up date the orld mo del with the information that curren ra actual able 9.1: The SAB Con trol Cycle concrete form of executable mac hine co de. The designer of rob otic system has to go do wn to the concrete lev el man ually This ork has een in estigating the ossibilit of automating the ery ottom lev el, orld mo delling, but wish to sho here that it can mak higher lev els easier as ell. motiv ate this, will describ ho to connect the SAB con trol cycle to arious tasks. will demonstrate that man asp ects of an abstract task de�nition can remain abstract. The hapter will egin with div ersion|the con trol of an extremely elemen tary dynamic sys- tem. 9.2 Con trolling an Ice Puc is Easy The argumen that is it easy to con trol an ice puc mak es substan tial jump in the train of though of the dissertation. The reason for the e�ort exp ended here will ecome clear in the next section, whic will coalesce the ideas of SAB con trol hoice, and ice puc con trol. 9.2.1 An Idealized Ice puc Figure 9.1 sho ws an ice puc k: small one kilogram mass sitting on frictionless surface. It has forces acting on it, and sho wn acting horizon tally and ertically on the diagram. Because it is idealized, its equations of motion are ery simple: 119

Figure 9.1 The ice puc orld. The puc mo es across an ide- alized frictionless surface, con trolled orthogo- nal force ectors. (9 1) where 1, is the horizon tal acceleration and is the ertical acceleration. Accelerations and forces are th us equiv alen t, so ice puc con trol is merely the application of accelerations. Let us write the state of the ice puc as )), where is the distance from the origin in the th direction, and is the th comp onen of elo cit rom the de�nitions of osition, elo cit and acceleration, it is simple to write do wn the e- ha viour of the puc at an future time as function of all the future accelerations. can do this for eac comp onen indep enden tly (0) dt (0) dt (9 2) The ice puc is con trolled at discrete time steps of length During eac time step constan acceleration is supplied. rite as the osition at the start of the th time step, as the elo cit and as the acceleration applied during the th time step. Then ha =0 (9 3) 120 and dt hv =0 ha =0 =0 ha nhv =0 (9 4) After steps of constan acceleration the state of the th ariable is nh� nhv (9 5) It is th us not di�cult to predict future eha viour of the idealized ice puc k. It is also elemen tary algebra to con trol the ice puc in order to mak it reac goal osition and goal elo cit at goal time step, Call this com bination of ob jectiv es puck go al All that is necessary is, for eac direction of the puc orld, to in en tra jectory whic will ac hiev the appropriate comp onen of the puc goal. One suc simple tra jectory is bang-bang con trol, sho wn in Figure 9.2. It consists of applying constan acceleration for time steps and then acceleration for time steps. There are alues to ho ose, and constrain ts to meet: the alues of and Th us the alues can deriv ed elemen tary algebra. In terested readers ma insp ect the results at the end of this section. Instead of generating the tra jectory and then trac king it, the con troller computes the initial recommended acceleration, applies it, and then discards it. On the next time step it implemen ts the same pro cedure. This is ossible, ecause the tra jectory is heap to compute: one square ro ot and appro ximately ten ultiplications are required er puc comp onen t. In this manner the tra jectory can automatically adjusted to tak accoun of earlier trac king errors. There are man other ys of ho osing accelerations. or example, one could �nd accelerations and suc that applying for time follo ed for time ac hiev es the desired state. The bang-bang metho has particularly desirable prop erties. The maxim um magnitude of an acceleration on the tra jectory is as lo as ossible. or example, imagine that there as constrain that no comp onen of the acceleration applied 121

Figure 9.2 The puc starts in state and wishes to ac hiev state 60 in en time steps of one second. The solution is acceleration for 12 time steps and acceleration for eigh steps. to the puc could ha magnitude greater than max If the con troller receiv es puc goal, and the bang-bang computation pro duces an acceleration whic is to large, then no other tra jectory ould ha managed either. The con troller dynamically recomputes the tra jectory at eac time step, and this computation is a�ordable. If the computed acceleration is applied accurately then the next dynamically computed tra jectory will matc the �rst. This prop ert do es not generally hold for other kinds of tra jectory There is also oten tial disadv an tage. The sudden switc in requested accelerations ould, in non-ideal orld, hard to ac hiev and di�cult to con trol. In practice, man rob ot tra jectory generators are designed to pro duce paths whic in terms of osition are smo oth to �v lev els of di�eren tiation. The conclusion of this section is that giv en goal state and time, it is easy to ac hiev the goal for an idealized ice puc k. In Sections 9.3 and 9.4 explain wh the SAB mo del of the orld ermits other dynamic systems to con trolled in the same manner. 9.2.2 Generating the Bang-Bang ra jectory All con trol ariables are treated indep enden tly Let the curren osition and elo cit ), and the goal after time steps. This analysis �nds the alues and suc that when acceleration is erformed for time steps and acceleration for time steps, the goal state will obtained. These alues will hosen to mak and close in magnitude while ensuring that is in tegral. 122

First �nd ossibly non-in tegral, and suc that accelerating with for seconds and then accelerating with for seconds will ac hiev the goal. Suc alues ould satisfy the equations h (2 (9.6) hv (9.7) Th us, in terms of is, from Equation 9.6, (2 )). Substituting in to Equation 9.7 giv es (2 )( hv )( (9 8) This quadratic equation is solv ed ht (9 9) where hv (9 10) is then hosen as the closest in teger to and then the accelerations and are computed to solv the goal osition, time and elo cit The solution for whic is then used as the recommended acceleration, is: 2( hN (9 11) 9.3 Lo Abstraction asks \lo abstraction task" is de�ned here to task whic has een sp eci�ed to su�cien detail that the con troller is able to compute the goal eha viour directly from the task description. This lev el is the ottom lev el that the system designer ust consider|this is considerable impro emen on the con en tional ottom lev el of abstraction. 9.3.1 Ac hieving Fixed Beha viour The Moun tain Car domain pro vided an example of this kind of task in Chapter 8, where the goal as to con tin ue mo ving at constan elo cit The domain as constructed so that the elo cit as the eha viour eing mo delled. There is no di�cult in tegrating the SAB action ho oser in to suc task. eac con trol cycle, the requested eha viour remains �xed. This con tin ues un til some higher lev el of con trol, erhaps uman op erator, is satis�ed. The success of the task can judged as either the sum of the deviations from the goal eha viour, or the um er of cycles whic ere in error. 123

9.3.2 ollo wing erceiv ed ra jectory or dynamic system, in whic the erceiv ed State ransition unction is eing learned, the eha viour ectors are erceiv ed accelerations. The task can con trolled as if accelerations ere eing applied directly to the erceiv ed state. In fact they will applied indirectly requesting the SAB action ho oser to try to ac hiev them. The tra jectory task can th us pretend that it is an ice puc con troller. Put more formally it can imagine it is an en tirely linear and decoupled system. On eac cycle, and for eac erceiv ed osition comp onen t, it considers the curren osition and elo cit It also considers the desired osition and elo cit sp eci�ed the tra jectory for the next time step. Can this one-time-step puc goal ac hiev ed? If there is solution to the one-step puc goal, then the comp onen of the goal acceleration has een obtained. It migh t, ho ev er, not ossible ecause the curren elo cit migh not allo ositions to matc hed on the next cycle if elo cities are also to matc hed. In that case the puc goal of steps in the future is used. The required acceleration is then handed to the SAB action ho oser. If the curren osition and elo cit ere to mismatc badly with those desired then the requested accelerations ould unattainably large. The action ho oser ould on rep etitions of the same situation try wide ariet of actions. This is ecause all previous ccurrences ould ha failed, and th us the highest probabilit of success ould ac hiev ed trying something as di�eren as ossible. The large ariet of lo probabilit actions migh degrade erformance, and could not exp ected to bring the state an closer to the tra jectory In this case it migh preferable that the SAB action ho oser alw ys pro duced accelerations as close as it could to those requested. Empirically this problem as not observ ed in the exp erimen ts detailed in Chapter 10. Ho ev er, if it ere lik ely to problem it could oided use of domain kno wledge to sp ecify limits on accelerations. request ould then nev er made to the SAB action ho oser for an larger acceleration. Alternativ ely the maxim um accelerations could estimated heuristic suc as that describ ed in App endix C. 9.4 Middle Abstraction asks Some middle abstraction tasks can immediately transformed in to lo abstraction tasks. These include the \hold still" task, the \mo here" task and, at sligh tly more abstract lev el, the \mo here quic kly" task. 9.4.1 Hold Still This can implemen ted as request to follo the stationary tra jectory The osition at whic to remain can sp eci�ed as the osition when the \hold still" task as �rst activ ated. 124

9.4.2 Mo Here In the \mo here" task, the osition, elo cit and time to ac hiev the goal are sp eci�ed. This is then an ice puc goal of Section 9.2. The correct accelerations can deriv ed accordingly 9.4.3 Mo Here Quic kly Commonly one do es not wish to sp ecify the time the rob ot should tak to get to particular con�guration, but instead ould prefer it to arriv reasonably quic kly This could done simply guessing time or ha ving default time for mo emen ts, but this could lead to ine�ciencies, either ecause the rob ot will ha mo ed unnecessarily slo wly or ecause it tried to ac hiev to fast tra jectory and ershot the target, ecause of inadequate deceleration. naiv con troller whic consisten tly made this mistak could oscillate unstably if it ersisted in trying to get to the goal at sp eed whic exceeded the capabilities of the actuators. Instead, the con troller uses its kno wledge ab out its strength. The algorithm erforms binary hop to �nd suitable mo emen time. When mo emen time is considered, the ice puc con troller is consulted to determine the accelerations whic ould necessary to ac hiev the mo emen time. Then the SAB orld mo del is consulted to determine the probabilit that the necessary accelerations can attained. The shortest time with su�cien tly high probabilit of success is used. This decision could formalized if it ere pro vided with i) the exp ected cost of trying tra jectory whic is not attainable and ii) the exp ected pa o� from using short times. Exp erimen ts with suc con troller are do cumen ted in Section 10.4. The adv an tage of the autonomous time hoice con troller is that it has some abstractness: the detail of ho long the mo emen should tak is computed automatically Its erformance on rep eated trials can ex- ected to �nd tra jectory whic is not unacceptably slo w. Ho ev er, it ould certainly unlik ely to �nd the theoretically optimal tra jectory If suc tra jectory ere required then more compu- tationally exp ensiv con troller ould necessary 9.5 Comp ound asks Man in teresting tasks ha sev eral comp onen ts. In this section discuss, means of an example, ho SAB learning is in tegrated with ultiple-comp onen tasks. The example is olleying ball. The ph ysical situation is depicted in Figure 9.3. The ball on the righ of the diagram is �red to ards the o-join ted arm on the left of the diagram. The arm ust hit the ball so that it lands in the buc et. The arm and ball are oth acting under gra vit The con troller can sense the follo wing data (in erceiv ed co ordinates): The osition and elo cit of the hand. 125

Figure 9.3 The olley task: ph ysical situation. The osition and elo cit of the ball on the follo wing ccasions: i) when it is �red, ii) when it is hit and iii) when it lands. The osition of the buc et. The con trol consists of the torques sen to the shoulder and elb join of the arm. The bat is �xed at righ t-angles to the forearm. The details of the sim ulation parameters are giv en in the results hapter. One approac to using SAB learning to con trol this task ould to sp ecify it as nine- dimensional state space. The state ector has four comp onen ts for the arm state, four comp onen ts for the ball state and one comp onen for the osition of the buc et. The action is the o-comp onen ector of the join torques supplied, and the eha viour is the hange in arm state and in ball state. The PSTF of suc system ould ha the strange prop ert that four comp onen ts of the state, namely those of the ball state, are almost nev er a�ected the action. If the SAB -con troller ere giv en the goal system-state of \an ywhere" for the arm and \at rest, 0, buc et osition" for the ball, then generally there ould absolutely no action whic could ac hiev it and ery ccasionally all actions ould ac hiev it. Th us lo cal con trol, sp eci�ed lo cal goal eha viours, to send the ball to the buc et ould en tirely useless. Instead, there ould ha to some global lev el to the con troller, uc as as used for ice puc goals, to deriv the �nal ball osition. Suc global lev el could, for example, searc large um er of time steps ahead to �nd if an of the actions curren tly ailable could, with adequate subsequen actions, ac hiev the �nal goal. more computationally tractable alternativ ould dynamic programming approac h. In principle, if the PSTF is learned to su�cien accuracy then the con troller will succeed at the task. large amoun of data ould needed ecause the con troller ould not kno in adv ance whic parts of the con trol space ould imp ortan t. In the absence of other domain kno wledge, no data ould useful un til the goal had een ac hiev ed at least once|for the olley problem this ould almost certainly tak ery long time. 126

Figure 9.4 The olley task decom- osed in to small hierarc of subtasks. The problem with the form ulation as nine-dimensional state space system as that the struc- ture inheren in the problem as attened It is clear that uman giv en the olley task ould mak some abstract, sym olic organization of the task in to comp onen ts. In particular they ould notice that the �nal eha viour of the ball dep ends on whether it con tacts the bat, and that if it do es con tact the bat, the bat’s eha viour at the time will a�ect the ball’s subsequen eha viour. If rob ot is to ac hiev the task, it ould an in teresting exercise to let it try to deduce this relationship from the observ ed data. Some recen ork Samm ut and Mic hie, 1989 in estigates disco ering suc qualitativ descriptions of dynamic systems from ra eha vioural data. Ho ev er, for large class of cases, suc as this olley example, domain kno wledge suc as this is easy for uman designer to express. It is similarly easy to giv an abstract, qualitativ description of ho to erform the en tire task. Predict where the ball will when it comes in to con enien hitting range. Mak sure the hand is in the same osition at the same time, and mo ving at suc sp eed as to cause the ball to land in the buc et. After the ball and bat ha collided, mo the arm to aiting osition. This abstract olley task can separated in to three sligh tly less abstract subtasks, indicated in Figure 9.4. Predict estimates the ball’s eha viour. Strike brings the bat to con tact the ball at con trolled osition and sp eed. Return holds the bat steady after the strik e. The Predict task mo dels the erceiv ed eha viour of the ball prior to eing hit. This mo del is learned SAB -tree, whic estimates the time un til the ball arriv es within range of the arm and the state of the ball at this oin t. The ball is de�ned to in range of the arm when it reac hes distance of from the shoulder (the stretc hed arm is long). The SAB -tree is mapping 127

Ballstart {z () |{z} Ballhit Timehit {z whic is up dated once ev ery trial. There is no con trol er this asp ect of the ball’s eha viour so Action the space of con trol actions, is empt The Return task simply computes erceiv ed acceleration to thrust the endp oin to ards the stationary aiting osition. This is an instan tiation of the \hold still" task describ ed in the previous section. The torques to ac hiev this acceleration are computed and executed the lo lev el Acc task, whic is SAB action ho oser. The Strike task con trols the ball indirectly means of collision et een the ball and the bat. It requires mo del of the real orld: Ball at Hit Bat osition and direction {z Bat sp eed {z co ordinate of Landed Ball {z (9.12) This to can learned using SAB -tree. rom trial to trial, the Strike task attempts to alw ys osition the bat to con tact the oncoming ball at the bat’s cen tre, and to ha it mo ving in the same relativ direction at impact. The sp eed of the bat at impact is aried. This sp eed a�ects the landing osition of the ball, and so can used to indirectly con trol the landing osition. the trial start the SAB action ho oser is giv en curren as the estimated ball state when it arriv es in range and the bat osition and direction during impact. The searc pro duces recommended sp eed for the bat during impact. It should noted that this SAB -tree, lik the others, is simply set of ob jectiv observ ations ab out the orld, and its wn accuracy do es not dep end on the erformance of the subtasks whic are eing learned. There is no blame or credit assignmen problem. or example, supp ose that eliev ed that hitting sp eed at osition ould ensure that the ball landed at but due to lo lev el error the ball as olley ed with the correct sp eed but at the wrong osition The ball then lands at The sp eed will not no wrongly asso ciated with landing at the SAB -tree will simply con tain an observ ation that hitting with sp eed at the wrong osition, results in landing at and will con tain no explicit prediction as to what ould happ en ere the ball hit at the correct osition. The PuckGoal task guides the initial erceiv ed state to the target impact state. This is ice puc con trol, again dealt with in the previous section. 128

9.5.1 Discussion The olley example has demonstrated the general principle that an apparen tly complex dynamic con trol problem can brok en do wn using naiv e, qualitativ reasoning. The resulting plan uses middle abstraction SAB -tasks whic can automated. The in teresting observ ation is that when- ev er quan titativ relationship is required, SAB -learning can used, and if necessary the con trol hoice mec hanism can used to in ert and explore these other orld mo dels. The state for the lo est-lev el mo del, the arm’s erceiv ed State ransition unction, is the ra action for the higher lev el Strike mo del. This is an en tirely natural to decomp ose hierarc hical task. An abstract task decides it needs certain action erformed whic is delegated to lo er lev el task. or the lo er task, this then ecomes the goal state. particularly pleasing feature of hierarc of SAB -learners is that they can usefully learn sim ultaneously without there eing an danger of credit assignmen problem. 9.6 The Bene�ts of Learning This hapter has sho wn ho ariet of complexities of rob ot task can in terfaced with SAB learning. It has discussed the fact that the SAB action ho oser cannot used for all asp ects of task ac hiev emen t, but instead some other means ust used to obtain the abstract plans for ac hieving abstract tasks. Ho ev er, there are some ene�ts of SAB learning, deriv ed from the raised lev el of abstraction elo whic task automation can tak place. There are sev eral ys this is ac hiev ed: It is unnecessary to ork in an co ordinate system other than that whic the rob ot erceiv es. Th us, for example, the output of planner to mo hand to ards an observ ed goal is simply to thrust the observ ed hand osition in the observ ed direction. If it is susp ected that the en vironmen has some noise, then it ma unnecessary to tak it in to accoun in the generation of the plan. Noise tolerance can dealt with at the mo delling lev el. An en vironmen whic migh hange, either gradually or suddenly is again dealt with at the mo delling lev el. This is pro vided that there is no qualitativ hange, suc as part of the rob ot arm actually disin tegrating, in whic case new abstract strategy migh needed. If the ra actions can supply su�cien tly erful actions (for example, large enough torques), then the middle lev els of con trol|tra jectory follo wing or atomic mo emen ts|can con- trolled with trivial \ice puc k" con trol. orld mo dels can used at ultiple lo cations in the subtask hierarc Ev en if these orld mo dels dep end up on eac other, learning can tak place sim ultaneously with no danger of errors made one lev el resulting in other lev els learning incorrect mo dels. 129

There are, ho ev er, some extra requiremen ts on the designer. It is necessary to kno w, for eac orld mo del, that it an usefully learned as deterministic, generally con tin uous function. This do es not eliminate noisy functions, but it mak es the assumption that the noise distribution is useless and is to remo ed. It is necessary to supply along with eac requested eha viour, tolerance of acceptable eha viour. Ho ev er, no di�cult is foreseen should it required that these alues are generated automatically Chapter 10 demonstrates that within wide range, erformance is not sensitiv to these alues. In the curren implemen tation, for eac SAB -tree, it is necessary to pro vide small set of parameters. These consists of the constan used the succ estimate, (from Section 8.1) the exp ected noise lev el (sp eci�ed indirectly the range searc width alue of Section 7.2), the um er of candidate actions to considered should the partial in ersion action inadequate, and the spread of alues within eac dimension of the state, action and eha viour spaces (see Section 5.1). Empirically will see that the erformance is not sensitiv to these parameter hoices, nor are they di�cult to estimate. It ould also ossible to estimate them from the data. The curren implemen tation also requires that the SAB -tree ccasionally garbage collected (see Section 7.5). The plan ust set aside computation time for this purp ose. This could also automated erforming the garbage collection incremen tally or as bac kground pro cess. The design and analysis of plans to ac hiev high lev el rob otic tasks are generally not complex. They are signi�can tly easier than the design and analysis of soft are systems. Th us, ma hop that rob ot con trol based on learned orld mo dels mak es rob ot system design heap and easy pro cess. more in teresting alternativ is that the planning can automated. Man researc hers ha in estigated the use of planning for rob ot tasks. An ob jection to some of this researc has een the micr o-world problem|that the in estigations factored out to uc disorder from the en vironmen in order to able to ork at logical, abstract, lev el instead of umeric, concrete lev el. But it is apparen that, with learning mo delling system at the lo lev els of the task structure, suc disorder an factored out. Th us, learning the orld mo dels ha automated the lo lev el part of rob ot planning. An analogy with biological systems ould to suggest that the SAB mo dels are the equiv alen of the lo lev el, sub conscious pro cesses of the motor con trol system, while the task planning is equiv alen to higher lev el pro cess. 130

Chapter 10 Exp erimen tal Results This chapter describ es the metho ds, esults and onclusions for variety of le arning ontr ol exp eriments. These onsist of: le arning hand-eye or dination; le arning to fol low er eive tr aje ctory of simulate tor que-c ontr ol le arm; le arning movement ontr ol for non-r ep etitive tasks; le arning to ke ep al ouncing; and le arning the vol ley task describ in Se ction 9.5. 10.1 AB Learning This section details the results of an exp erimen erformed early on during the researc describ ed in this dissertation. As result, man features of the SAB learning system describ ed in this dissertation are missing. Ho ev er, it is an in teresting exp erimen orth examining ecause it orks with real rob ot instead of sim ulation and it uses fairly high dimensional mapping. It is also describ ed in Clo ksin and Mo ore, 1989 The exp erimen learns the com bined ersp ectiv transformation and the kinematics of �v e- join ted rob ot arm. The rob ot (an TX arm man ufactured UMI Inc.) is driv en sp ecifying join ositions, whic are then attained indep enden tly driv en, serv o-con trolled actuators. The exp erimen tal set-up is sho wn in Figure 10.1. camera is oin ted at the rob ot whic holds small en ligh in its gripp er. The camera is connected to frame-grabb er in whic the image is thresholded, distinguishing the brigh sp ot. Some image pro cessing obtained the lo cation of the cen tre of the brigh sp ot as image and co ordinates. It as not necessary for the image pro cessing to sophisticated and so the simple implemen tation to ok less than quarter of second, running on an IBM PC. The orld as learned as SAB -tree: fg |{z} State Join ositions {z Action Image osition Comfort {z Beha viour (10 1) 131

Figure 10.1 The hand-ey co ordination exp erimen t. The State comp onen as empt ecause the con�guration of the system prior to requesting set of join ositions had no e�ect on the con�guration afterw ards. The join ositions ere ector of �v alues: shoulder heigh t, shoulder angle, elb angle, wrist pitc and wrist w. rist roll as held constan t, ecause some roll con�gurations obscured the ligh from the camera. The image osition ere and alues sp eci�ed in pixels. The comfort alue as measure, dep ending on the con�guration of the join ts. The closer eac join osition as to the cen tre of its range, the more \comfortable" the join osition. The ranges of all ariables ere explicitly kno wn. The comfort alue as used to ho ose et een alternativ join angle con�gurations whic ac hiev ed the same image osition. The est ossible comfort alue ould zero. The use of \comfort" as primitiv example of task dimension reduction, describ ed also in the exp erimen ts of Section 10.4. In this exp erimen the SAB -tree did no smo othing or adaptation to en vironmen tal hanges. The SAB action ho oser as also in more primitiv form, describ ed elo w. test the system simple game as pla ed in whic the rob ot started with an empt SAB tree. On eac trial random image lo cation as hosen and the system recorded the um er of mo emen ts whic need to made efore the observ ed image lo cation agreed with the goal image lo cation (to within 12 pixels on 512 512 pixel displa y). The protot yp action ho oser whic as used egan using partial in ersion to obtain the exemplar whic had its eha viour ector closest to the goal eha viour goal osition goal osition comfort 0) If it as predicted to go enough then the action as used. Else, small random erturbation as applied to the recommended join angles. The result as insp ected and stored in the SAB -tree. If it had impro ed up on the predicted eha viour it as re- 132

Figure 10.2 Num er of extra arm mo e- men ts required to �nd the goal image osition. The statistics are erages of buc ets of �v trials. eated, else di�eren random erturbation as selected. This pro cess as rep eated un til the goal lo cation as obtained. This tec hnique is similar to the Ho ok and Jeev es ultiv ariate optimization metho Murra 1972 Figure 10.2 sho ws the erformance of the rob ot for the �rst eigh suc trials, measured as the um er of erturbations ab the initial mo emen required to reac eac randomly generated target osition. The whole exp erimen t, including the rather slo mo emen ts of the rob ot and the image pro cessing, to ok only 18 min utes. 10.1.1 Lo cal In terp olation This exp erimen also used lo cal regression to impro the nearest neigh our generalization. The regression as used in the Beha viour Action direction of the mapping, means of the nearest neigh ours whic surrounded the goal eha viour. It as recognised that this as generally to exp ensiv to able to erform on-line, an ticipating future application of SAB -trees to dynamic tasks. solv this, the in terp olation as erformed o�-line in what ere termed \dreaming" erio ds. During \dreaming" erio d, the soft are links to the rob ot and sensors are cut, and replaced links to the lo cal regresser. The con troller con tin ues to learn as if the task ere still happ ening for real, but instead of gaining observ ations from the real orld it gains them from the regresser. The regressed observ ations are added to the SAB -tree, but are tagged as appro ximations. Once real orld learning is switc hed on again, the con troller ensures it eri�es an tagged oin prior to its use. Figure 10.3 sho ws ho the erformance impro ed when dreaming erio to ok place just after 133

Figure 10.3 Num er of extra arm mo e- men ts required to �nd the goal image osition, with \dreaming session" just af- ter trial 40. The statistics are erages of buc ets of �v trials. the fortieth trial. The next exp erimen as to learn to mo in sequence through 100 oin ts uniformly spaced on an ellipse sp eci�ed on the image. First, the rob ot practised mo ving to eac oin in turn for total of ten min utes. Figure 10.4 sho ws the results of \test" giv en after the practice session: mo ving as close as it can (according to the SAB -tree) to eac oin t. The target sequence of oin ts is et een the white bands sho wn on the image. Figure 10.5 sho ws ho it erformed on the test with dreaming erio after 10 min utes of practice, but efore it eri�ed the memory alues regressed during this time. Figure 10.6 sho ws the results after further �fteen min utes of practice. The times for these results are relativ ely short in �eld where learning can often tak hours or ev en da ys. In the subsequen exp erimen ts of this hapter, dynamic con trol is learned. The TX rob ot cannot con trolled in realistic dynamic fashion and it as therefore necessary to abandon the use of real rob ot in fa our of sim ulation. 10.2 SAB Learning|The Tw Join Arm This section pro vides ery detailed in estigation of one application of SAB learning. It is applied to sim ulation of the o-join ted dynamic manipulator depicted in Figure 10.7. The arm has the follo wing features: Geometry The arm is constrained so that it ma nev er straigh ten: the elb angle, is alw ys et een and 180 degrees. The hand ma not mo outside the frame of the diagram in Figure 10.7. 134

Figure 10.4 The ellipse tracing test immediately after 10 min utes of practice. The brigh sp ots are the o- sitions to whic the ligh as mo ed. The image of the arm can seen in the bac kground. Figure 10.5 The ellipse tracing test after 10 min utes of prac- tice, follo ed e- rio of dreaming but no eri�cation. Figure 10.6 The ellipse tracing test after 10 min utes of practice, fol- lo ed dreaming e- rio and follo ed in turn 15 min utes of eri�- cation and practice. 135

Figure 10.7 o-join ted dynamic ma- nipulator acting under gra vit erception. The erception is visual. The sim ulation can, at eac time step, view the -co ordinate and -co ordinate ositions of the hand. It can also sense the elo cit of the hand in oth the and directions. Because there are only join ts, and ecause of the constrain that the elb ma not straigh ten, this is su�cien to de�ne the curren erceiv ed state. Dynamics. It is con trolled motors: Motor at the shoulder and Motor at the elb w. These eac pro vide torque. eac time step the torques ma hanged. In this domain the erceiv ed State consists of the observ ed osition and elo cit of the hand. The o-dimensional Action is the pair of applied join torques and the o-dimensional Beha viour is the erceiv ed acceleration of the hand’s osition. This is not observ ed directly but is estimated as +1 (10 2) where is the erceiv ed elo cit on the th time step, and is the length of time step. The o-join ted manipulator as hosen ecause i) it has six-dimensional con trol space, whic is of non-trivial size ii) the equations of motion of an idealized o-join ted manipulator are ell kno wn, and heap to compute and iii) manipulators are particularly useful piece of rob ot tec hnology The dynamic equations of motion are from et al. 1987 10.2.1 Exp erimen tal en vironmen The sim ulation and SAB -learning ere erformed in an en vironmen in whic the system parame- ters ere all adjustable for exp erimen tation purp oses. They are listed in able 10.1. 136

SAB -T ree SAB -Con trol Sim ulation arameters arameters arameters Statemax0 Tolerance 0.10 Max-torque Statemax1 Num-cands 10 Time-step 0.02 Statemax2 10 Prob-const Noise-level 0.002 Statemax3 10 Locality 0.67 Actionmax0 Local-const Actionmax1 Delta-old 0.05 Bhvmax0 100 Bhvmax1 100 Statemin0 -1 Bhvmin1 -100 Search-width 0.02 able 10.1: Arm exp erimen tal system parameters Statemax0 Bhvmin1 are the sixteen alues required to scale the ectors in the SAB -tree. The need to kno the maxim um ranges of State Action and Beha viour comp onen ts as discussed in Section 5.1. All ectors in the tree are scaled to the range State ariables and are the and ositions resp ectiv ely These osition maxima ere easy to estimate, ecause the hand ma not mo outside the co ordinates The range of observ ed sp eeds (state comp onen ts and 3) ere less ob vious but ere estimated as 10 from observ ations of the sim ulation. The action ranges ere again kno wn explicitly as part of the de�nition: they are the maxim um ermissible torques. The eha viour ranges ere estimated from observ ation. The Search-width parameter is the range width range of the smo othing ernel discussed in Section 7.2. The SAB -con trol parameters ere discussed in Chapter 8. Tolerance is the deviation in the eha viour whic is deemed acceptable when the SAB -con troller is requested to generate an action ra to ac hiev goal eha viour goal It is scaled to the range Num-cands (see Section 8.1) is the um er of candidate actions considered when the alue recommeded partial in ersion is pre- dicted as inadequate. Locality and Local-const are the lo and lo parameters of Section 8.2, whic bias the generation of candidate actions. Prob-const (again, see Section 8.1) is the scaling factor used in the probabilit of success estimate, succ Its alue re ects the exp ected slop of the function eing learned, but its accuracy is not exp ected to imp ortan t. Delta-old is the old parameter used in the detection of old, inaccurate, exemplars (see Section 7.3). The sim ulation parameters Max-torque and Time-step are self explanatory The arm is giv en sim ulated noise de�ned the Noise-level parameter. eac stage, the requested torques are corrupted efore eing applied. The corruption is uniform in eac action comp onen t, up to 137

Start State: 0.00, 0.00, 0.00, 0.00 Minimal behaviour: <-10.00,-10.00 Maximal behaviour: 10.00, 10.00 (Empty tree. Random action.) Action: -4.15, 0.37 Predicted Behaviour: NULL VECTOR Actual Behaviour: <-13.39,-37.33 able 10.2: Rep etitiv Con trol: The �rst cycle maxim um alue of Max-torque Noise-level 10.2.2 Con ergence of Actions The �rst exp erimen examines ho the SAB action ho oser erforms on rep eated ccasions of the same state and requested eha viour. In this exp erimen t, the state is reset after ev ery con trol cycle. This yp othetical situation as discussed in Section 8.2, but is unrealistic|normally in subsequen exp erimen ts the state, and often the goal eha viour, ould ary et een cycles. Here, the start state is osition and elo cit oth zero|the hand stationary in the cen ter of the displa The goal eha viour is zero acceleration, whic can ac hiev ed action (0 98 25). The action is non-zero ecause the torques ha to coun teract gra vit ables 10.2{10.5 consist of SAB action ho oser debug output. This sho ws in extreme detail, the eha viour of the algorithm. able 10.2 sho ws the erformance on the ery �rst cycle. Here, there is no previous exp erience whatso ev er in the SAB -tree, and so uniformly distributed random action is hosen. The minimal and maximal eha viours men tioned in the table are those generated the default Tolerance parameter setting of 0.10 (see ab for description of Tolerance ). able 10.3 sho ws the erformance on the second con trol cycle. There is one exemplar in the SAB tree, obtained from the �rst cycle. This is, of course, the exemplar suggested partial in ersion. It is not suitable, ecause is do es not ac hiev the Tolerance Instead, ten candidate actions are generated (ten, ecause the Num-cands parameter is set to 10 default). These all predict the same eha viour ecause they all ha the same nearest neigh our. The estimated probabilities of success ary ecause the reliabilit of the nearest neigh our prediction aries with distance. Notice that the �rst four candidate actions are the extreme actions. or this con troller they are alw ys generated ecause they migh needed for the estimation of strength (see App endix C). The quoted nearest neigh our distances are in the uniformly scaled SAB -tree units. The est candidate action is, unfortunately not go enough, and the actual eha viour is further from goal than the original. The third cycle is displa ed in able 10.4. There are no exemplars, but the original as more promising. As result it is again returned partial in ersion, but is again, of course, 138

Start State: 0.00, 0.00, 0.00, 0.00 Minimal behaviour: <-10.00,-10.00 Maximal behaviour: <10.00,10.00 Partial Invert Action: <-4.15, 0.37 Nearest BSmooth: <-13.39,-37.33 at distance 0.000. Psucc Cand 0: <-6.00,-6.00 BSmooth: <-13.39,-37.33 at distance 0.553. Psucc 0.00910982 (Best yet) Cand 1: 6.00,-6.00 BSmooth: <-13.39,-37.33 at distance 0.999. Psucc 0.00306144 Cand 2: <-6.00, 6.00 BSmooth: <-13.39,-37.33 at distance 0.493. Psucc 0.0110591 (Best yet) Cand 3: 6.00, 6.00 BSmooth: <-13.39,-37.33 at distance 0.967. Psucc 0.00325637 Cand 4: 1.63,-2.01 BSmooth: <-13.39,-37.33 at distance 0.521. Psucc 0.0100832 Cand 5: 0.56, 2.34 BSmooth: <-13.39,-37.33 at distance 0.426. Psucc 0.0140408 (Best yet) Cand 6: 4.76,-0.07 BSmooth: <-13.39,-37.33 at distance 0.744. Psucc 0.00534009 Cand 7: <-5.60, 0.06 BSmooth: <-13.39,-37.33 at distance 0.124. Psucc 0.0185096 (Best yet) Cand 8: <-3.34, 3.13 BSmooth: <-13.39,-37.33 at distance 0.239. Psucc 0.0277313 (Best yet) Cand 9: 2.49, 1.73 BSmooth: <-13.39,-37.33 at distance 0.565. Psucc 0.0087751 Probability of Success is 0.0277 Action: <-3.34, 3.13 Predicted Behaviour: <-13.39,-37.33 Actual Behaviour: <-84.87, 4.54 able 10.3: Rep etitiv Con trol: The second cycle deemed inadequate. en further candidate actions are again generated. This time there is ariet in the nearest neigh our prediction. Not surprisingly the most promising candidate has the original exemplar as its nearest neigh our. This time the hoice is luc ky and ac hiev es go eha viour, though it still do es not meet the tolerance. The action disco ered cycle remained the most promising for the next cycles. On trial 10 it as replaced action 01 35), whic pro duced eha viour 68 13 71). This as in turn replaced sligh tly closer action on cycle 15. On trial 19, an action as disco ed whic pro duced eha viour 23 40)|within the tolerance. Cycle 20 is displa ed in able 10.5. All subsequen cycles used the same action. The small mismatc et een the predicted and actual eha viour as due to the sim ulated noise. If there had een no noise the prediction ould ha een en tirely accurate, ecause the state and action ere the same as efore. The whole exp erimen as rep eated for thirt runs. The graph in Figure 10.8 sho ws, for eac cycle um er the prop ortion of ccasions for whic the tolerance not had een ac hiev ed cycle Th us, for example, the alue is for cycle um er 1, ecause on ev ery run, the action as unsuccessful on trial 1. By cycle 13, 50% of runs had succeeded. This is encouraging, ecause it agrees with the prediction of Section 8.2, that the correct eha viour is con erged to rapidly using the SAB action ho oser, ev en with only few candidate actions. The tolerance as, ho ev er, quite large, meaning that appro ximately 1% of ossible eha viours ould succeed. Ho do es the time to ac hiev goal eha viour increase as the tolerance ecomes more strict? 139

Start State: 0.00, 0.00, 0.00, 0.00 Minimal behaviour: <-10.00,-10.00 Maximal behaviour: <10.00,10.00 Partial Invert Action: <-4.15, 0.37 Nearest BSmooth: <-13.39,-37.33 at distance 0.000. Psucc Cand 0: <-6.00,-6.00 BSmooth: <-13.39,-37.33 at distance 0.553. Psucc 0.00910982 (Best yet) Cand 1: 6.00,-6.00 BSmooth: <-13.39,-37.33 at distance 0.999. Psucc 0.00306144 Cand 2: <-6.00, 6.00 BSmooth: <-84.87, 4.54 at distance 0.326. Psucc 0.00553616 Cand 3: 6.00, 6.00 BSmooth: <-84.87, 4.54 at distance 0.815. Psucc 0.00364744 Cand 4: <-1.40, 0.57 BSmooth: <-13.39,-37.33 at distance 0.230. Psucc 0.028409 (Best yet) Cand 5: <-2.79, 3.06 BSmooth: <-84.87, 4.54 at distance 0.046. Psucc Cand 6: <-0.33, 1.07 BSmooth: <-84.87, 4.54 at distance 0.304. Psucc 0.00495881 Cand 7: <-3.23, 3.54 BSmooth: <-84.87, 4.54 at distance 0.035. Psucc Cand 8: <-4.00, 2.94 BSmooth: <-84.87, 4.54 at distance 0.057. Psucc Cand 9: <-5.75, 4.13 BSmooth: <-84.87, 4.54 at distance 0.218. Psucc 0.00162928 Probability of Success is 0.0284 Action: <-1.40, 0.57 Goal Behaviour: Predicted Behaviour: <-13.39,-37.33 Actual Behaviour: <-13.02,-13.96 able 10.4: Rep etitiv Con trol: The third cycle Start State: 0.00, 0.00, 0.00, 0.00 Minimal behaviour: <-10.00,-10.00 Maximal behaviour: <10.00,10.00 Partial Invert Action: 0.90, 0.47 Nearest BSmooth: <-6.23, 2.40 at distance 0.000. Psucc Partial Inversion action is tolerable. Probability of Success is 1.0000 Action: 0.90, 0.47 Predicted Behaviour: <-6.23, 2.40 Actual Behaviour: <-6.13, 2.08 able 10.5: Rep etitiv Con trol: The en tieth cycle 140

Figure 10.8 Prop ortion of runs of the rep etitiv con trol exp eri- men whic met tolerance against cycle um er. The tolerance as 10%. Figure 10.9 Prop ortion of runs of the rep etitiv con trol exp eri- men whic met tolerance against cycle um er. The tolerance as 4%. second exp erimen as erformed in whic the tolerance as only 004, 25-fold de- crease er the previous exp erimen t. The exp erimen tal conditions ere iden tical, except that the Noise-level parameter as set to zero. This as ecause the tolerance ould not ha een ossible (except ccasionally luc k) with the noise lev el of the previous exp erimen t. The e- ha viour is sho wn in Figure 10.9, and it can seen to no more than small factor orse than the previous exp erimen t. The median um er of cycles efore ac hieving tolerance 0.004 as 35. urther exp erimen ts ere erformed with arying tolerance lev els. The results are tabulated in 141 olerance Median time to success 0.2 0.1 13 0.04 15 0.02 25 0.01 24 0.004 35 0.002 40 0.0004 48 0.0001 58 able 10.6: Time to ac hiev tolerance for the simple \holding still" task. Figure 10.10 plot of the data from able 10.6: Median time to �nd the correct set of torques to ac hiev the goal tolerance. The horizon tal axis is logarithmic. able 10.6 and plotted in Figure 10.10. 10.3 ra jectory rac king Exp erimen ts The tra jectory follo wing task is realistic rob ot con trol problem, whic will used to empirically explore the detailed eha viour of the SAB con trol cycle. will egin this section describing the exp erimen in detail, and will then explore the e�ects of arying the follo wing features: Num er of candidate actions. olerance lev el supplied to the SAB action ho oser. 142

Lo calit lo and smo othness estimate eigh ting of ariables in the SAB -tree. orld noise. En vironmen tal hanges. 10.3.1 The ra jectory rac king ask The exp erimen can view ed at the trial lev el, the le arning run lev el and the exp eriment lev el. ra jectory rac king rial. The arm ust follo erceiv ed circle at sp eci�ed sp eed. The circle is sho wn in Figure 10.11. The goal sp eed tak es �ft sim ulated time steps to tra el around the circle. The abstract lev el con troller uses the ice puc tra jectory trac king mec hanism of Section 9.3. The hand is initialized at the righ t-most oin of the circle. Then on eac cycle, the goal eha viour is the ice puc acceleration required to sta as close to the curren tra jectory as ossible. One trial consists of one attempt to follo the circle. ra jectory rac king Learning Run. run consists of thirt y-t trials. Before the initial trial, the SAB -tree is empt y|the con troller egins with no orld kno wledge. Bet een trials the orld kno wledge is main tained, and so if learning ccurs, erformance should tend to impro during learning run. ra jectory rac king Exp erimen t. The exp erimen consists of executing um er of in- dep enden learning runs. The purp ose of running um er of times is to obtain more reliable statistics ab out the learning erformance. There are ypically 20 runs in eac exp erimen t. 10.3.2 ormat of Results The results for the �rst exp erimen are sho wn in Figure 10.12. Ho ev er, efore they can discussed it is necessary to explain ho they ere obtained and what information they are in tended to con ey The Mean olerance graph plots the eha viour of the SAB action ho oser against trial um- er. The toler anc err or is the amoun whic the actual eha viour di�ers from the tolerance band de�ned the task. Eac trial has mean tolerance error. Th us for eac learning run graph of mean tolerance error against trial um er can obtained. The graph in the �gure sho ws the erage of 23 suc graphs, obtained from 23 learning runs. The ertical bars displa the standard deviations of the statistics. Notice that an exp erimen in whic the mean tolerance error is lo is not necessarily erforming the task ell|it is simply ac hieving the tolerance. If large tolerance ere sp eci�ed then it ould easy to ac hiev zero mean tolerance error. The axis is lab elled as ercen tage of the maxim um ossible tolerance error. 143

Figure 10.11 The sim ulated arm ust follo the circular tra jec- tory in an an ticlo kwise di- rection. It starts from the righ tmost oin t. Here, it is sho wn during the end of an initial, unsuccessful, learn- ing trial. The Mean osition graph plots the erage osition error against trial um er. eac time step the osition error is computed as the Euclidian distance et een where the hand is, and where it should e. The erage error for eac trial is recorded. The graph is constructed as the erage of the 23 observ ations for eac trial. This is more direct measure of the erformance of the task|it ould only ev er zero if the tra jectory ere follo ed precisely It is lab elled as ercen tage of the maxim um ossible osition error, whic ould ccur if the desired osition ere in the ottom righ of the displa and the hand ere in the top left. learning system whic learned to erform 98% of the tra jectory erfectly but consisten tly failed badly at the remaining 2% ould judged ell the Mean osition estimate. or some uses of tra jectory trac king ho ev er, suc erformance ould inadequate. This undesirable eha viour ould detected the orst osition graph whic plots the erage of the orst osition errors whic ccur on eac trial. The worst osition err or of trial is the furthest Euclidian distance whic the hand reac hes from the desired oin on the tra jectory The graphics on the righ of the diagram displa six examples of the tra jectories follo ed the arm during learning. These are all tak en from the same randomly hosen exp erimen t. The edge of the gra disc indicates the desired tra jectory The graphics displa the erformance on the 1st, 2nd, 4th, 8th, 16th and 32nd trial. They are sho wn in order to pro vide more in tuitiv feel of the erformance of the arm, in the absence of an actual animation of its eha viour. They cannot used reliably to compare et een di�eren exp erimen ts ecause i) they are only random examples, and so ma not ypical of the erformance of the exp erimen t, particularly when there is high deviation et een runs and ii) they are only sho wn with limited resolution, and so apparen tly circular motion on the diagram migh still con tain trac king errors. particular kind of undetectable error ould the case where the hand lags ehind the desired osition. 144

The small table of data in the ottom righ hand corner giv es the follo wing information: The exp erimen name, \BASIC", named as suc ecause it is this basic exp erimen to whic others will compared. The um er of runs in the exp erimen t. The mean eha viours displa ed the graphs on the righ ecome more reliable as indicators of the true mean eha viours, the greater the um er of runs. or 23, the mean eha viour is, with con�dence 95%, estimated to lie within 0.5 sample standard deviations of the sample mean (as men tioned earlier the standard deviations are represen ted the ertical bars|see App endix for further details). The tolerance lev el used the SAB action ho oser. The units are as prop ortion of the estimated minimal and maximal ranges of eha viour. high alue is easier to ac hiev e, but ma lead to reduced task erformance. The arne By statistic. This �gure is score whic will used to quan titativ ely compare di�eren exp erimen ts. It is the um er of the �nal trial up on whic the mean tolerance error exceeds small �xed threshold (4%). This threshold is indicated near the ottom of the -axis of the Mean olerance graph. The arne By statistic will used to compare the erformance of the SAB action ho oser with di�eren parameter sets. The Final Position Err or statistic. This is another score, used to quan titativ ely compare the erall task erformance of di�eren exp erimen ts. It consists of the mean osition error during the last six trials of eac run: it is th us the mean of the �nal six alues of the osition Error graph. Neither the arne By statistic, nor the Final Position Err or statistic are particularly useful in isolation, but they will pro useful as comparators et een exp erimen ts. 10.3.3 Discussion of the BASIC exp erimen results In this exp erimen all the learning parameters ere the default alues giv en in Section 10.2. The results demonstrate that SAB learning do es indeed learn to con trol this task. By the standards set ab it to ok only eigh trials to, on erage, ac hiev adequate erformance, and after sixteen trials the tolerance error as alw ys almost zero, indicating that on all trials, the tolerance as almost alw ys ac hiev ed. The task as also learned accurately In the later trials, the osition as ypically at orst no more than 5% from the desired distance. Go ositional trac king as obtained early on{after only the trials the erage osition error as only 2%. The sample standard deviations after the �rst 10 trials are lo w, re ecting the con�dence that the learning runs ere not simply luc ky 145

Tolerance Learned By End osition Err 50% 2.84% 30% 2.17% 20% 0.73% 10% (BASIC) 0.41% 4% 21 0.35% 2% 25 0.33% 0.2% Didn’t Learn 0.64% able 10.7: ra jectory trac king: erformance ariation with Tolerance Figures 10.13{10.16 sho the distribution of exemplars in the SAB -tree after learning run. Some comp onen ts, particularly the osition and elo cit comp onen ts are clustered around the imp ortan areas of state space. This is desirable result, demonstrating the ariable resolution ailable from nearest neigh our learning. Eac trial to ok only 20 seconds to sim ulate, learn and displa graphically The parameter alues used in this exp erimen ere not hosen with great care|they ere the SAB learning system defaults. The exception to this ere the state, action and eha viour minim um and maxim um ranges whic ere estimated as what seemed reasonable after pla ying with the sim ulation for short time. It is nev ertheless imp ortan to determine empirically whether the system is brittle as the alues hange. It ould also in teresting to see if the erformance impro es with other parameters. Suc exp erimen ts are do cumen ted in the follo wing subsections. 10.3.4 olerance Making the Tolerance parameter larger mak es it easier to learn, but means that the accelerations (b eha viour) whic are supplied migh further from those recommended ice puc con trol. An extreme example of this is the TOL.50, exp erimen displa ed in Figure 10.17 in whic an eha viour within half the maxim um range of eha viours to the goal as considered acceptable. Unsurprisingly this learns to ac hiev the requested tolerance ery quic kly but the erformance is or. The �nal mean osition error of 84% corresp onds to an erage cm deviation from the tra jectory There is ery little div ersit in the actions|in practice the same action is rep eated man times for man parts of the state space. This results in the smo oth, but wrong, curv es of the top half of the tra jectory ery little hanges et een trials 4{32 ecause there is no need to re�ne the eha viour. The results for ariet of exp erimen ts with other tolerances are summarized in able 10.7. Eac exp erimen had iden tical parameters to the BASIC exp erimen t, except for the Tolerance The pattern is clear that with decreasing tolerance size the time to learn increases and the �nal erformance accuracy impro es. The �nal exp erimen t, with tolerance of 2% as to accurate 146

Figure 10.12 Exp erimen tal metho describ ed in the text. All parameters ere default. 147

Figure 10.13: The distribution of exem- plars in \p osition" space after learning run of the BASIC Exp erimen t. Figure 10.14: The distribution of exem- plars in \v elo cit y" space after learning run of the BASIC Exp erimen t. Figure 10.15: The distribution of exem- plars in \action" space after learning run of the BASIC Exp erimen t. Figure 10.16: The distribution of ex- emplars in \b eha viour" (that is, acceler- ation) space after learning run of the BASIC Exp erimen t. 148

Figure 10.17 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Tolerance parame- ter, whic had alue 50%. to ac hiev ed in only thirt y-t trials. It is ossible that ecause of the sim ulated noise it ould nev er ha een ac hiev ed. Ho ev er, there is large range of Tolerance alues for whic the learning is oth fast and accurate, and so it has, fortunately pro ed not to critical parameter. It is notable that its ideal alue dep ends on the abstract task eing erformed. Man tasks do not require high accuracy in their tra jectory trac king, and so tolerances as large as 50%, with their impressiv rate of learning, migh desirable. 10.3.5 Num er of Candidates eac con trol cycle, in the absence of kno wn est action, um er of candidate actions are considered. The BASIC exp erimen used 10 candidates. least four candidates, the extreme actions are alw ys considered. Figure 10.18 sho ws the result when these are the only candidates considered. The erformance is consisten tly bad, indicating that the task cannot ac hiev ed extreme actions alone. Figure 10.19 displa ys an exp erimen with �v candidate actions. The erformance is consid- erably impro ed, but learning is still uc slo er than that of the BASIC exp erimen t. The �nal osition error is also inferior. This exp erimen is equiv alen to com bination of ‘SR’- and ‘SL’- con trol discussed in Section 8.1 in whic in the absence of kno wn success random action is tak en. The other extreme is sho wn in Figure 10.20 in whic 100 candidate actions are considered on eac cycle. The learning sp eed is faster than for the BASIC exp erimen t. After four exp erimen ts, when the tolerance is ac hiev ed, no further erformance impro emen tak es place ecause the SAB action ho oser needs not exp erimen an further. The real time to run the 100-candidate exp erimen as ab out �v times greater at the start than the BASIC exp erimen t, but the total time as 149

Figure 10.18 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Num-cands parame- ter, whic had alue 4. Figure 10.19 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Num-cands parame- ter, whic had alue 5. 150