Figure 10.20 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 100. Num-cands Learned By End osition Err Didn’t Learn 11.37% 14 0.64% 13 0.45% 10 (BASIC) 0.41% 50 0.39% 100 0.38% 200 0.41% able 10.8: ra jectory trac king: erformance ariation with um er of candidate actions appro ximately the same. This is ecause once success has een ac hiev ed, the undred candidates do not need to generated|the partial in ersion action is alw ys suitable. able 10.8 displa ys the erformance of exp erimen ts with arious alues of the Num-cands pa- rameter. The imp ortance of ha ving more than small um er of candidates is demonstrated more clearly when the exp erimen ts are conducted with ery small alue of Tolerance able 10.9 displa ys the erformance of the system when the Tolerance is 2%. The 50 candidates exp erimen ac hiev ed the est �nal osition error seen so far. This is ecause of the com bination of aiming for eha viour ery close to that desired the ice puc con troller and ha ving su�cien tly man candidates that this accuracy is ac hiev ed within the space of 32 trials. 151

Num-cands Learned By End osition Err Didn’t Learn 1.43% 10 (BASIC) Didn’t Learn 0.64% 50 24 0.17% able 10.9: ra jectory trac king: erformance ariation with Num-cands with ery small Tolerance alue (0 2%). Figure 10.21 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Locality parameter, whic had alue 0. 10.3.6 Other SAB action ho oser arameters The Locality lo and Local-const lo parameters in uence the generation of candidate actions. As discussed in Section 8.2, candidate is hosen lo cal to the est kno wn action with probabilit Locality If it is generated lo cally then it is generated within sphere whic has radius prop ortional to the error of the curren est kno wn eha viour. The constan of prop ortionalit is Local-const The exp erimen with Locality of zero (in whic candidates are alw ys en tirely random) is sho wn in Figure 10.21. The learning rate is signi�can tly slo er than that of BASIC. With Locality set to one the exp erimen tal results ere almost iden tical to BASIC. These results are summarized in able 10.10. The ossible adv an tage of ho osing Locality less than one is not demonstrated here. This is the fear that only using lo cal impro emen ts migh lead to lo cal minima in the con trol hoice. The eha viour with the Local-const app ears in able 10.11. lo alue of 0.1 slo ws do wn the learning ecause the lo cal hanges made are to small|the succ heuristic ould score candidates higher whic ere further but with suc lo Local-const suc candidates are rarely generated. alues of Local-const et een 0.5 and do not greatly di�er from the erformance of 152

Locality Learned By End osition Err 29 0.93% 0.67 (BASIC) 0.41% 0.39% able 10.10: ra jectory trac king: erformance ariation with Locality Local-const Learned By End osition Err 0.1 18 0.67% 0.5 0.35% (BASIC) 0.41% 15 0.45% able 10.11: ra jectory trac king: erformance ariation with Local-const the BASIC exp erimen t. The Prob-const parameter, alters ho the succ heuristic judges the unreliabilit of nearest neigh ours of di�ering distance. lo Prob-const causes the heuristic to score candidate actions as lo if they are at signi�can distance from the nearest exemplar. high Prob-const treats the nearest neigh our estimate as reliable ev en if it is at large distance. The results of ery lo alue (0.01) are sho wn in Figure 10.22. They are ery bad! This is ecause nothing of an signi�can distance from the est kno wn action is ev er tried, and as result the same action is rep eatedly used throughout the en tire learning run. ery high alue (10), displa ed in Figure 10.23, do es impro e, but tak es longer than BASIC. The results of other alues, tabulated in able 10.12, indicate that erformance is not altered greatly for alues et een 0.1 and 5. 10.3.7 SAB -tree parameters The SAB -tree parameters are the relativ eigh ts giv en to the comp onen ts of the state, action and eha viour ectors. In the BASIC exp erimen they ere hosen roughly based on the observ ation Prob-const Learned By End osition Err 0.01 Didn’t Learn 20.55% 0.1 0.38% (BASIC) 0.41% 0.49% 15 0.8% 10 Didn’t Learn 1.88% able 10.12: ra jectory trac king: erformance ariation with Prob-const 153

Figure 10.22 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Prob-const parame- ter, whic had alue 01. Figure 10.23 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Prob-const parame- ter, whic had alue 10. 154

Figure 10.24 The distribution of exem- plars in \p osition" space af- ter learning run of the WEIGHT.ALPHA Exp eri- men t. of the maxim um alues of eac asp ect of eha viour. our exp erimen ts ere erformed with dif- feren eigh alues. The eigh tings and results are tabulated in able 10.13. or example, the WEIGHT.ALPHA exp erimen as told that the maxim um ossible erceiv ed x-co ordinate of the hand as (BASIC had een told correctly that it as ). It as told that the maxim um x-direction sp eed as three times greater than that of BASIC and it as similarly told that the maxim um x-direction eha viour (i.e. acceleration) as three times greater than that of BASIC. As result the nearest neigh our prediction as more sensitiv to the y-direction. This is illustrated in Figure 10.24, in whic the osition comp onen ts of the ectors stored in the SAB -tree are displa ed. The altered eigh ting can seen to not ha great e�ect on erformance. The reduced erformance in the WEIGHT.GAMMA exp erimen is ecause the Tolerance is obtained from the scaled space of Beha viours. Th us, tolerance of 10% when the maximal eha viour is 300 is equiv alen to tolerance of 30% when the maximal eha viour is 100. The eigh ts of the actions ere not altered for an of the exp erimen ts. This is ecause their alteration ould ha also altered the strength of the arm. The other SAB -tree parameter is the range width range This parameter is called Search-width The sim ulated noise is signi�can but not ery large compared with the goal tolerance in the BASIC exp erimen and so smo othing ernel of lo er width than the default can exp ected to su�ce. Ho ev er, it is in teresting to consider the result of increasing the smo othing ernel. The results are sho wn in able 10.14. They indicate that ev en with large smo othing ernel, erformance is not badly a�ected. Ho ev er, the largest ernel, with width of the scaled SAB tree width nev er learns, despite ac hieving fairly go �nal error osition. This is ecause the ery strong smo othing mak es constan regular error (similar to sm udging an image). As result 155

Exp erimen Maxim um Comp onen ts Learned End osition State Action Beha viour By Err BASIC (1,1,10,10) (6,6) (100,100) 0.41 WEIGHT.ALPHA (3,1,30,10) (6,6) (300,100) 0.59 WEIGHT.BET (3,3,30,30) (6,6) (100,100) 13 0.44 WEIGHT.GAMMA (1,1,10,10) (6,6) (300,300) 1.74 WEIGHT.DEL (3,3,10,10) (6,6) (100,100) 0.37 able 10.13: ra jectory trac king: erformance ariation with ariet of eigh sets Search-width Learned By End osition Err 0.002 0.49% 0.02 (BASIC) 0.41% 0.06 11 0.44% 0.12 12 0.48% 0.2 Didn’t Learn 0.6% able 10.14: ra jectory trac king: erformance ariation with Search-width the eha viour predictions ha regular constan error. In this case the error is fortunately not large enough to signi�can tly impair the osition. The exp erimen with searc width of to ok appro ximately 10 times longer than the BASIC exp erimen t. This is ecause of the large range searc required for eac up date of the SAB -tree. 10.3.8 Learning only after Execution In this exp erimen consider the erformance if the computation in olv ed with storing new ex- emplars is tak en out of the SAB con trol cycle, and is erformed o�-line. ra jectory trac king falls in to the class of task in whic there are natural erio ds in whic extra pro cessing can tak place| namely efore eac trial ccurs. This exp erimen uses this erio of time to up date the SAB -tree with all the data observ ed in the previous trial. Th us learning do es not ccur during eac indi- vidual task execution. The results are in Figure 10.25. erformance is reduced, compared with the erformance of the BASIC exp erimen t, but not ery badly This result migh useful if the exp ense of up dating the SAB -tree ere to large to erform within the timescale of the rob ot’s dynamics. 10.3.9 Appro ximating the Nearest Neigh our The nearest neigh our searc describ ed in Chapter erforms branc and ound searc of the d-tree. An ob jection to this is that although computation is exp ected to fairly heap log ), it is not guaran teed. partial remedy suggested in Omoh undro, 1987 is to erform normal 156

Figure 10.25 Exp erimen in whic the SAB -tree is only up dated after eac trial instead of during eac trial. Note the appalling eha viour in trial one|no kno wledge of the orld is ailable for the en tire trial. Max-ninsp Learned By End osition Err 13 0.52% 11 0.55% 10 0.50% (BASIC) 0.41% able 10.15: ra jectory trac king: erformance ariation with Max-ninsp nearest neigh our searc h, but after �xed um er, Max-ninsp of no des ha een insp ected, to halt the searc with the nearest neigh our found to date. This metho as tested for Max-ninsp alues of 1, and 5. When Max-ninsp the searc consists simply of �nding the leaf no de con taining the query oin t. The results are giv en in able 10.15. They sho that learning do es still ccur ell, with only sligh degradation against the BASIC exp erimen t. The real time to erform the exp erimen ts as not noticeably less than for exp erimen ts in olving normal nearest neigh our searc h. disadv an tage of appro ximating the nearest neigh our is the increased di�cult of analysis of the learning metho and some danger of erroneous predictions ecoming stuc k. 10.3.10 Noise olerance In this section the amoun of noise in the en vironmen is increased. then insp ect the exten to whic the smo othing of Section 7.2 can help impro the erformance. The noise in the BASIC exp erimen as pro duced corrupting the requested torques random amoun up to 2% of 157

Searc Final osition Error Width Noisy ery Noisy 0.2% 1.45% 6.0% 2% 1.22% 6.7% 6% 0.93% 5.52% 12% 0.76% 3.12% able 10.16: ra jectory trac king in noisy en vironmen t: erformance ariation with Search-width the maxim um torque alues. This can observ ed to pro duce unpredictable eha viour corruptions of up to 1%. This default noise lev el is not sev ere, and do es not impact greatly on the erformance of the system. In eigh exp erimen ts with uc greater noise the smo othing ernel width as aried to disco er ho uc e�ect it had on com bating noise. The erformance could nev er exp ected to reac that of the noise free system, ecause the unpredictable noise as alw ys eing added. The con troller has similar problem to erson trying to do neat handwriting on bump train journey The noisy en vironmen had the action corrupted up to 5% and the ery noisy en vironmen up to 20%. The results are in able 10.16. None of the ab exp erimen ts ac hiev ed \Learned By" alue. This is predictable ecause the en vironmen is so noisy There is noticeable impro emen in the �nal osition error as the searc width is increased, but it is not su�cien to classed as ac hieving the task ell. Figure 10.26 sho ws the erformance in the ery noisy en vironmen with lo searc width, and Figure 10.27 sho ws erformance with large searc width. The �nal animations ere tak en without noise. This helps indicate ho accurate mo del of the noiseless orld the system has after 30 noisy trials. 10.3.11 Non-stationary En vironmen Recalling Section 7.3, the SAB learning con troller should able to adapt to hanges in the en vi- ronmen noticing that old oin ts are inaccurate and deleting them. Here, test this eha viour. The standard BASIC exp erimen is used, except that unkno wn to the con troller, just efore trial 11, the arm’s dynamics are hanged sev erely The motor for the elb starts pro ducing times the requested torque. The results of Figures 10.28 and 10.29 sho the e�ect on erformance. The animations corresp ond to di�eren trial um ers from the earlier �gures. rial ten, whic is the last trial efore the hange, is sho wn �rst. selection of subsequen trials are also sho wn, and indicate the eha viour after the hange, oth in the long and short terms. Figure 10.28 sho ws the e�ect with hange adaptation switc hed o�|p oin ts are nev er thro wn no matter ho old or inaccurate they are. Th us, after trial 10, mistak es can seen to made for the rest of the run. With adaptation switc hed on (Figure 10.29), using Search-width parameter of 6%, adjustmen erformance can seen to sup erior, with an ev en tual return to acceptable erformance. The 158

Figure 10.26 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Search-width parameter, whic had alue 2%, and the Noise-level parame- ter whic had alue 20%. Figure 10.27 Exp erimen tal metho de- scrib ed in the text. All parameters ere default with the exception of the Search-width parameter, whic had alue 12%, and the Noise-level parame- ter whic had alue 20%. 159

Figure 10.28 non-stationary en viron- men t. The arm dynamics hange on trial 10 to pro- duce 1.5 times the torque that they used to. This ex- erimen has ery small searc width, meaning ery few old inaccurate exem- plars are killed. return to impro ed erformance is, ho ev er, not as fast as as the original learning whic started from no exp erience. It is lik ely that there are comp ounded reasons for this. 1. The en vironmen tal hange is ery large, meaning that the new PSTF is, to large exten t, an en tirely di�eren function. 2. The learning con troller is not arned that hange has ccurred, and so ust ha time to observ this. rom these results it could argued that the simpler sc heme of forgetting ev erything after erio of increased erage prediction error ould preferable. The ob jection to this is that real en vironmen tal hanges are lik ely to i) uc less sev ere and ii) ha an a�ect only in limited ortion of the state space, meaning loss of aluable data if all information is remo ed. 10.3.12 erformance of the d-tree The real-time erformance of these learning trials as observ ed to go d: ypically 20 seconds to sim ulate, learn and displa This giv es indirect evidence that nearest neigh our searc is erforming as desired. test this more directly the searc algorithm as monitored for ho man Euclidean distance measuremen ts ere tak en. These measuremen ts are the dominan cost in nearest neigh our searc h|w can sure that the cost of reac hing the leaf no de in the tree is logarithmic (since the tree is balanced whenev er the depth exceeds small constan times the logarithm of the um er of no des in the tree). urthermore, reac hing the leaf is heap ecause Euclidian distance calculations are not required. The details of the nearest neigh our searc algorithm are giv en in Section 6.4. 160

Figure 10.29 non-stationary en viron- men t. The arm dynamics hange on trial 10 to pro- duce 1.5 times the torque that they used to. This ex- erimen has reasonable searc width (6%), mean- ing that some old inaccu- rate exemplars are killed. Figure 10.30 The um er of d-tree no des pro cessed. These re- sults use binned erages from 20 indep enden tri- als. The graph of the cost of searc against tree size is sho wn in Figure 10.30. The result is remark able: although the cost increases initially with tree size, it actually de cr ases as the tree gets larger! The ypical um er of distance calculations in the �nal trials is 6. This is bizarre, but can explained the impro ving eha viour of the arm as learning pro- gresses. The BASIC exp erimen ac hiev ed tolerable eha viour on erage, the nin th trial. this oin t, when partial in ersion is used to obtain candidate action, the requested eha viour and state are ery close to the (correct) state-b eha viour pair exp erienced on the preceding, also 161

Figure 10.31 The um er of d-tree no des pro cessed. These re- sults use binned erages from 20 indep enden tri- als. successful trial. Th us there is often ery nearly exact matc for the nearest neigh our searc to �nd, whic usually means ery little searc bac ktrac king is required. test this theory view the corresp onding graph (Figure 10.31) for an exp erimen in whic satisfactory erformance as nev er attained. Here use an exp erimen with large amoun of sim ulated noise. In this case it can seen that the ypical um er of distance calculations is 15. The conclusion is that, as hop ed, there is empirical evidence that the nearest neigh our compu- tation can erformed in real time ecause the distribution of exemplars is conduciv to nearest neigh our searc h, and can actually impr ove the sp eed as the task is learned more accurately 10.4 urther Arm Exp erimen ts These exp erimen ts are concerned with ho the arm ould erform if it ere giv en more complex task than trac king presp eci�ed tra jectory Man rob ot tasks, suc as \pic and place" require that the rob ot mo to ariet of ositions, and it is in teresting and imp ortan to see ho erformance is a�ected as the task demands that increasing subsets of the con trol space are learned. The exp erimen ts also demonstrate the use of ice puc con trol, describ ed in section 9.2. In these exp erimen ts tra jectories are generated dynamically and autonomously Figure 10.32 sho ws an example of mo emen task, including the (stationary) start and goal states. The goal is to mak the mo emen in 25 time steps. Figure 10.33 sho ws the ice puc tra jectory generated to ac hiev this puc goal. Because puc tra jectories are so heap to compute they are recalculated ev ery con trol cycle instead of eing trac ed. Figure 10.34 sho ws the tra jectory recomputed after three ery unskilled action hoices had tak en the hand far from the original tra jectory 162

Figure 10.32 The start and end ositions for the 1-d explore task. The start state and goal state oth ha zero elo c- it Figure 10.33: The ice puc tra jectory to the goal state in 25 time steps, eginning at the exploration start state Figure 10.34: The ice puc tra jectory to the goal state in 22 time steps, eginning at the state whic the arm has arriv ed in after three, ery unskilled, time steps. 163

Figures 10.35|10.38 demonstrate means of animations ho erformance impro es up on rep etitiv attempts at the mo emen task. It is seen to ac hiev the puc goal on only the third attempt, and after ten attempts the hand deviates ery little from the straigh line tra jectory computed for the �rst step. This is indicated in Figure 10.39 whic sho ws the ice puc tra jectory generated three steps in to later trial. It matc hes almost exactly the initial generated tra jectory of Figure 10.33. more quan titativ indication of the erformance of the mo emen task is gained in Figure 10.40 whic graphs the mean tolerance error for um er of mo emen task runs and Figure 10.41 whic graphs the �nal osition error. The �nal osition error is represen tativ statistic of ho ell the task as erformed. The puc goal as to ac hiev the osition in fort time steps. The error after fort time steps as used as the statistic, but the trial as allo ed to con tin ue to try getting closer to the puc goal for further erio of time on the early ccasions in whic the hand did not ac hiev 3% osition error or less within fort steps. The system parameters ere all default. 10.4.1 Higher Dimensional asks The previous mo emen task, once learned, as no harder than the tra jectory trac king task, ecause eac subsequen trial ould require the same journey through state space. The task requires one- dimensional strand through state space and so let us call it one-dimensional task test ho the erformance ould degrade with increasing dimensionalit devised some o, three, four and �v e-dimensional tasks. In eac case the task generates random start osition and random end osition, eac distributed uniformly within certain subspaces of the arm’s reac hing domain. arying selections for the start and end distributions pro duce di�eren dimensionalit tasks. They are depicted in Figures 10.42|10.45. An in teresting thing to examine is the distribution of exemplars after the tasks of increasing dimensionalit Figures 10.46|10.49 sho snapshot of the osition comp onen ts of the exemplars in the SAB -tree after en random trials. They giv an indication of ho the dimensionalit and hence the amoun that needs to learned, increases. or example, the tra jectories in the o- dimensional diagram all ha similar sp eeds ab out half through, whic helps nearest neigh our to generalize etter than in the three-dimensional tasks, in whic the sp eed of the hand midw through trials aries more greatly The tolerance error graphs for these tasks are sho wn in Figures 10.50|10.53 and the �nal osition error graphs in Figures 10.54|10.57. The graph data in summarized in able 10.17, in whic the \Learned y" statistic in the um er of trials un til the mean tolerance error as ermanen tly less than 10 whic corresp onds to 3% of the range of ossible tolerance errors. The table indicates that learning is impaired tasks of higher dimensionalit Ho ev er, the nearest neigh our generalization is in this case su�cien tly erful that erformance, in eac case, do es ev en tually reac an adequate lev el. This eha viour is not guaran teed in general, and so one 164

Figure 10.35: Animation of the �rst ex- plore attempt. The goal time as 40 time steps, but this to ok uc longer to ev en reac the target’s neigh ourho d. Figure 10.36: Animation of the 3rd ex- plore attempt Figure 10.37: Animation of the 6th ex- plore attempt Figure 10.38: Animation of the 15th ex- plore attempt 165

Figure 10.39 The ice puc tra jectory to the goal state in 22 time steps, eginning at the state whic the arm has arriv ed in after three ell executed time steps. No- tice that is nearly iden ti- cal to the tra jectory of Fig- ure 10.33. Figure 10.40 1-d exploration. The mean Tolerance er- ror graphed against explo- ration attempt. This is the mean di�erence et een acceleration requested the Ice Puc con troller and that obtained the SAB action ho oser. The range of ossible accelerations is 300. 166

Figure 10.41 1-d exploration. The ercen tage �nal osition er- ror. This is the distance of the hand from the goal af- ter 40 time steps, expressed as ercen tage of the range of ossible distances. Explore Dimension Learned By End osition (%) 8.3 0.11 9.3 0.2 12.4 0.36 20.9 0.5 26.9 0.39 (decomp.) 24.8 0.29 able 10.17: Exploration erformance summarized 167

Figure 10.42: 2-d exploration. The arm alw ys starts in the same state, but the goal is hosen uniformly randomly from 1-d set of states. Figure 10.43: 3-d exploration. The arm alw ys starts in the same state, but the goal is hosen uniformly randomly from 2-d set of states. Figure 10.44: 4-d exploration. The arm starts randomly from 1-d set of states. The goal is hosen uniformly ran- domly from 2-d set of states. Figure 10.45: 5-d exploration. The arm starts randomly from 2-d set of states. The goal is hosen uniformly ran- domly from 2-d set of states. 168

Figure 10.46: 2-d exploration. Distri- bution of osition comp onen ts of exem- plars in the SAB -tree after 20 trials. Figure 10.47: 3-d exploration. Distri- bution of osition comp onen ts of exem- plars in the SAB -tree after 20 trials. Figure 10.48: 4-d exploration. Distri- bution of osition comp onen ts of exem- plars in the SAB -tree after 20 trials. Figure 10.49: 5-d exploration. Distri- bution of osition comp onen ts of exem- plars in the SAB -tree after 20 trials. 169

Figure 10.50: 2-d exploration. The mean Tolerance error. Figure 10.51: 3-d exploration. The mean Tolerance error. Figure 10.52: 4-d exploration. The mean Tolerance error. Figure 10.53: 5-d exploration. The mean Tolerance error. 170

Figure 10.54: 2-d exploration. The mean �nal osition error, expressed as ercen tage. Figure 10.55: 3-d exploration. The mean �nal osition error, expressed as ercen tage. Figure 10.56: 4-d exploration. The mean �nal osition error, expressed as ercen tage. Figure 10.57: 5-d exploration. The mean �nal osition error, expressed as ercen tage. 171 solution migh e, when high dimensional task is required, to use an abstract con troller whic breaks it up in to lo dimensional tasks. This is exempli�ed the �v e-dimensional de omp ose task. Instead of mo ving from random start osition to random end osition in fort time steps, the con troller uses tasks: 1. In en time steps, tak the hand from the random start osition to near stationary state at the cen tre of the space. 2. Then, in further en time steps mo to the random goal osition. The task description, exemplar distribution, tolerance graph and osition graph are sho wn in Figures 10.58|10.61. The summary statistics are included in able 10.17. It is seen that oth learning sp eed and accuracy impro as result. It is conjectured that for ev en higher dimensional tasks in higher dimensional state spaces this kind of dimension reduction at the con trol lev el will rather than merely impro ving erformance, essen tial for reasonable learning rate. 10.4.2 Autonomous Time Choice In the exp erimen ts of the previous section the goal as sp eci�ed osition in fort time steps. Here, mak the task more abstract and simply sp ecify the goal osition and lea it up to the orld mo del-based con troller to arriv at the goal in reasonable time, whic aries according to ho far apart the start and end states are, and where they are situated. The abstract con troller here is used as an indication of the kind of simple mec hanism whic can used, based on learned orld mo dels, to increase the abstraction of the task. It is not to considered as serious attempt at robust optimal con troller. The decision of ho man time steps are required is ac hiev ed means of the strength estimation mec hanism of Section 8.3. The con troller is told the start and end states for the task, and then erforms binary searc of ossible times to goal. or eac ossible time to goal it estimates if it has the strength to ac hiev the time to goal, using an ice puc tra jectory It do es this generating the ice puc tra jectory and then using the strength mec hanism to decide if 1. With probabilit greater than res (sp eci�ed system parameter presig and giv en alue 0.2), wice the required acceleration at the start state can obtained. 2. With probabilit greater than res wice the required acceleration half through the tra- jectory can obtained. 3. With probabilit greater than res wice the required deceleration at the end of the tra jectory can obtained. This is only heuristic, and is certainly not lik ely to near optimal con trol. Twice the required acceleration is used in the strength estimation to pro vide degree of robustness. 172

Figure 10.58: 5-d decomp osed explo- ration. The arm starts randomly from 2-d set of states. The goal is hosen uni- formly randomly from 2-d set of states. The con troller splits up the problem to reac the stationary middle state half through path. Figure 10.59: 5-d decomp osed explo- ration. Distribution of osition comp o- nen ts of exemplars in the SAB -tree after 20 trials. Figure 10.60: 5-d decomp osed explo- ration. The mean Tolerance error. Figure 10.61: 5-d decomp osed explo- ration. The mean �nal osition error, expressed as ercen tage. 173

Explore Dimension Learned By End osition (%) 18.6 0.36 31 0.43 43.5 0.46 87.9 0.44 Didn’t Learn 0.5 (decomp.) 64.1 0.57 able 10.18: Autonomous time-c hoice exploration erformance summarized Explore Dimension Mean time steps to goal 24 22 24 29 28 (decomp.) 36 able 10.19: Autonomous time-c hoice: mean time er trial The results for autonomous time hoice are sho wn in ables 10.18 and 10.19. The times to ac hiev the goal are all, on erage, quic er than fort steps used in the previous task. Learning is slo er in all cases ecause i) the increased erage sp eed means an increased div ersit of the accelerations requested of the SAB action ho oser and ii) some extra ariation is in tro duced in the tasks in the initial stages efore accurate estimates of strength ecome ailable. By the standard of the \Learned y" criterion, the 5-d task do es not learn within 150 trials, although the 5-d decomp osed task do es. The decomp osed task is necessarily slo er, ecause the indirect route to the goal is often less e�cien t. 10.4.3 Disordered En vironmen The autonomous-time-c ho osing 5-d trial as run in noisy en vironmen t. The noise lev el as su�cien to randomly corrupt the acceleration ypically up to whic is 5% of the range of accelerations. Whilst sub jected to this uncon trolled noise, oth tolerance error and �nal osition error are seen to impro with trial um er in Figures 10.62 and 10.63. The next exp erimen as to con�rm feature of SAB learning whic as con�den tly predicted prior to the exp erimen t|that concen tration on one particular task cannot cause \o er-learning". An autonomous-time-c ho osing 1-d trial as run for fort trials using the task in Figure 10.32. The task as then hanged to an en tirely di�eren start and end osition for the remaining 110 trials. Figures 10.64 and 10.65 sho the results. 174

Figure 10.62: 5-d exploration in noisy en vironmen t. The mean Tolerance er- ror. Figure 10.63: 5-d exploration in noisy en vironmen t. The mean �nal osition er- ror, expressed as ercen tage. Figure 10.64: 1-d exploration in whic the task hanges on trial 40. The mean Tolerance error. Figure 10.65: 1-d exploration in whic the task hanges on trial 40. The mean �nal osition error, expressed as er- cen tage. 175

Figure 10.66: 5-d exploration in non-stationary en vironmen t. The mean Tolerance error. Dynamics hange on trial 40. Figure 10.67: 5-d exploration in non- stationary en vironmen t. The mean �nal osition error, expressed as ercen tage. Dynamics hange on trial 40. The �nal exp erimen as adaptation to hanging en vironmen for the 5-d autonomous-time- ho osing task. or this exp erimen the Search-width parameter as tripled. It can seen in Figures 10.66 and 10.67 that neither impro emen nor reduction in erformance ccurred, except to small exten for the olerance error, whic tended to increase sligh tly for appro ximately thirt trials after the hange. The reason for the lac of large e�ect is lik ely to ecause the distribution of exemplars as so wide (due to the task’s high dimensionalit comp ounded ariations due to autonomous time hoice) that misleading exemplars ere not noticeably inaccurate, and ere ossibly more use than no information at all. 10.5 Juggling Ball This sim ulated exp erimen is motiv ated similar (but real) exp erimen Ab oaf et al. 1989 visually observ ed ball is ounced on o-dimensional surface (see Figure 10.68). The at surface can mo ed up ards at sp eci�ed sp eed and angle. The follo wing information is observ ed once ev ery ounce: The co ordinate of the ball, top when the ball reac hes the top of the ounce. The co ordinate of the ball, top when the ball reac hes the top of the ounce. The horizon tal sp eed of the ball, top when the ball reac hes the top of the ounce. 176

Figure 10.68 single ball ounce. The surface as mo ving up- ards, and as at sligh angle. top top top go go go able 10.20: Ball ouncing: ermissible state and action alues. The ertical sp eed is zero at the top of ounce. The three alues top top top constitute the erceiv ed state of the system. The ball is con trolled the surface. The surface is alw ys reset to the same heigh efore the ball reac hes the top of the ounce. Then, short erio of time, go after the ball reac hes the top of its tra jectory the surface cen tre starts to mo up ards with constan sp eed go The bat is also placed at angle go to the horizon tal. Th us the three ariables go go and go a�ect the eha viour of the surface and constitute the action used to con trol the ball. The ermissible alues of the state and action comp onen ts are sho wn in able 10.20. If an state ariable exceeds its range the ball is deemed to ha crashed. The follo wing PSTF as learned: top top top {z State go go go {z Action top top top {z Beha viour (10 3) where top top top is the erceiv ed state of the subsequen ounce. The abstract con troller as based on the notion of an ideal state: top top top 0. On eac con trol cycle the con troller attempts to apply an action whic at least halv es the curren 177

Figure 10.69 The um er of ounces e- fore disaster against trial um er. rial 15 as halted, still ouncing at 15000. error of eac state ariable. The error of state ariable is its absolute di�erence from its ideal alue. or example, if the curren state ere top top top then the SAB action ho oser ould requested to �nd an action to pro duce next state for whic top top top (10 4) This abstract con troller is more robust than one whic aims precisely for the ideal state|if the ball is in danger of crashing it is of primary imp ortance to prev en its state getting orse and only of secondary imp ortance to try to send it immediately to the ideal state. It should noted that this abstract con troller is not trivial in design, and it required some of the uman designer’s qualitativ domain kno wledge. 10.5.1 Results The graph of Figure 10.69 sho ws the um er of ounces against trial um er. The sim ulated orld has 2% noise in eac ariable and all the SAB system parameters ere default. The graph sho ws that for the �rst 13 trials the um er of ounces efore disaster as usually et een three and thirt rial 14 as successful for er 200 ounces, but there as an ev en tual serious mistak e. rial 15 as halted after four hours of sim ulation had pro duced er 15,000 successful ounces. Figure 10.70 sho ws the eha viour of the top and top comp onen ts of state. They aried greatly un til trial 15, when they ere ept safely within 5% of the cen tre of their ranges. 178

Figure 10.70 The mean and standard de- viation of the top and top co ordinates exp erienced during the juggle trial. urther exp erimen ts ere erformed with 5% noise in the erceiv ed state observ ations. Fig- ures 10.71 and 10.72 sho erformance resp ectiv ely without and with the SAB smo othing mec h- anism. In the second case the range width range as 5% of the width of the SAB tree domain. The results pro vide evidence that smo othing the observ ations impro es erformance. It should noted that despite the inferior results of the unsmo othed exp erimen t, its juggling eha viour as still go d, with sev eral trials of more than 1000 ounces. The smo othed exp erimen as run three other times, on eac ccasion halted after 10,000 ounces. The successful trial um ers ere resp ectiv ely 16, 20 and 20. smo othing ernel of wice the width (10% of the domain width) as also tried. It as halted after 5,000 ounces on trial 21. The large smo othing width caused an appro ximate �v e-fold decrease in computation sp eed. Graphs 10.73 and 10.74 sho the erformance in hanging en vironmen t. The ball’s co e�- cien of elasticit increases during trials (it starts at 0.8 and increases to asymptotically). In Figure 10.73 the initial hange is su�cien tly quic that trial 70 the c:o:e: is ery close to 1, and so no further apparen hange ccurs. Only after hanges ha ecome negligible is there trial that oided disaster, indicating that the adaptation mec hanism as not able to help during the en vironmen tal hange. In Figure 10.74 the hanges are signi�can un til appro ximately trial 180. There ere no disaster-free trials efore the exp erimen as halted on trial 220. 10.6 The olley ask The olley task as describ ed in Section 9.5. It is an example of comp ound task whic has sev eral learning comp onen ts and is considerably larger and more complex than ypical learning con trol 179

Figure 10.71: The um er of ounces efore disaster against trial um er in noisy en vironmen t: noise 5% and no smo othing. Figure 10.72: The um er of ounces e- fore disaster against trial um er in noisy en vironmen t: noise 5% and using smo othing ernel of width 5%. Figure 10.73: The um er of ounces e- fore disaster against trial um er in hanging en vironmen t. Changes ha e- come negligible trial 70. Figure 10.74: The um er of ounces e- fore disaster against trial um er in slo wly hanging en vironmen t. Changes are negligible trial 180. 180

Figure 10.75 An early olley attempt. The ball is �red from the righ to ards the arm. rom the initial state of the ball the con troller erro- neously predicts it will ar- riv at the grey circle. The ball is clipp ed the bat and ies up ertically e- fore falling to earth. tasks describ ed in the literature. Ho ev er, it is sim ulated. There is signi�can sim ulated noise to capture the same sort of disorder that real exp erimen ould ha e. The task is decomp osed in to hierarc of learning con trollers whic in olv three SAB -trees whic learn and con trol the follo wing: The erceiv ed state transition function of the arm. The dynamics of the bat/ball collision. The eha viour of the ball (used for prediction only). The new SAB -trees ha default parameters except for the scaling of the comp onen ts. The com- onen ts ere not di�cult to scale|they are all either sp eeds and ositions in the sim ulated orld, and so used the same scaling as that used for the arm. The sim ulated ball has noise in its dynamics: enough to ary the arriv al osition up to appro ximately 3% of the length of the arm. Figures 10.75 and 10.76 sho the eha viour of the arm during an early and late trial resp ectiv ely Figure 10.77 graphs the erformance of relativ ely easy task, where the ball is alw ys �red from the same osition and elo cit and the buc et alw ys remains in the same place. After �v trials suitable hitting sp eed is disco ered, and alue close to this sp eed is used for subsequen trials. Figure 10.78 displa ys the results of the considerably harder task in whic the ball is �red at random sp eed for eac trial, and the buc et is placed in random osition. It requires appro ximately en trials efore the eha viour can said to fairly skilled. 181

Figure 10.76 successful olley As ell as mo delling its wn arm, the con troller has cor- rectly predicted where the ball will when it is in range and found correct sp eed with whic to hit the ball bac to the buc et. Figure 10.77 histogram of distance from buc et against trial um er. The successful olleys, whic landed in the buc et, are sho wn in white. During these trials the buc et as �xed and the ball alw ys �red with the same sp eed and direc- tion. 182

Figure 10.78 histogram of distance from buc et against trial um er. Before eac trial the buc et as placed at random osition. The ball as alw ys �red with ran- dom sp eed but constan di- rection. Figure 10.79 sho ws the eha viour when the buc et is placed randomly and the ball is �red with random sp eed and direction. There is an impro emen in eha viour but the probabilit of failure is still roughly 20% ev en after er 100 trials. This is ecause ev en then there is still fair probabilit that the starting state of the ball is su�cien tly far from an previous exp erience that the eha viour predicted the nearest neigh our is inadequate. Th us learning eha viour is demonstrated for complex rob otic system. The learning as e�cien t|appro ximately 30 seconds er olley attempt initially rising to min utes er attempt when the SAB -trees ere large enough to cause substan tial virtual memory sw apping on the com- puter. The �nal size of the PSTF SAB -tree as appro ximately 50,000 exemplars. 10.7 Exp erimen tal Results: Conclusions The exp erimen tal results ha generally con�rmed the goals of this in estigation. The learning rate as ery fast|only small um er of trials of an exp erimen ere required. Indeed, the testing as (b the standards of uc previous researc for whic learning sp eed as not top priorit y) somewhat sev ere in that an exp erimen as usually classed as unsuccessul if learning had not ccurred within few dozen trials. It as also demonstrated that the rate of learning is not badly a�ected increased accuracy requiremen ts. In the \hold still" task of Section 10.2 the time to ac hiev an giv en tolerance as seen to increase only logarithmically with the recipro cal of the tolerance. The learning as also computationally e�cien t, ev en with d-trees of up to 10,000 exemplars. This as particularly noticeable for the hand-ey exp erimen in whic the real time to learn, in- 183

Figure 10.79 histogram of distance from buc et against trial um er. Before eac trial the buc et as placed at random osition. The ball as alw ys �red with ran- dom sp eed and random di- rection. cluding aiting for arm mo emen ts and image pro cessing as only in the order of thirt min utes. Learning did ecome noticeably slo er when d-trees ere sev eral tens of thousands of exemplars large. This is conjectured to ecause of the extra agan use of memory in the curren implemen- tation of the SAB -trees, whic requires 256 ytes er exemplar, causing 20,000 no de tree to use mageab ytes of store whic causes substan tial virtual memory sw apping. Use of ery large range searc widths also slo ed computation. This is ecause SAB -tree up date then in olv ed accessing signi�can fraction of all exemplars. The learning as robust. It as demonstrated that all system parameters could aried considerably without signi�can detrimen tal e�ect on erformance. uthermore, no exp erimen ecame \stuc k". The smo othing mec hanism as demonstrated to help com bat noise in the arm exp erimen ts and the juggle exp erimen ts. The hange adaptation mec hanism as also sho wn to ha some ene�cial e�ect for the tra- jectory trac king and juggling tasks, but for the high dimensional arm task the results ere disap- oin ting. orth while area for further study ould to impro the pruning of old inaccurate exemplars more sophisticated (and probably o�-line) statistical analysis. Finally signi�can tly complex task|v olleying|w as con trolled successfully hierarc of SAB learners. Learning to ok place sim ultaneously at di�eren la ers of abstraction, demonstrating ho learning orld mo dels can of considerable help ev en for high lev el rob otic tasks. 184

Chapter 11 Some Extensions This chapter eviews some extr topics which wer ese ar che during the ourse of the dissertation, but which ar not entr al to its main ide as. In Se ction 11.1 lbus’ CMA is discusse in further detail, in articular its elationship to exemplar-b ase metho ds. In Se ction 11.2 the use of Dynamic Pr gr amming in onjunction with SAB-le arning is examine and extende d. 11.1 Albus’ CMA and kd-trees The Cereb ellar Mo del Articulation Con troller (CMA C) is connectionist mo del, devised J. S. Albus in the early 1970s, for learning smo oth, con tin uous, non-linear mappings Albus, 1975a; Albus, 1975b; Albus, 1981 It is sp eci�cally useful where high degree of global generalization is ositiv ely not an ted, but lo cal generalization to tak adv an tage of the assumed smo othness is elcome. In the next section will summarize its implemen tation and eha viour. Although the implemen tation is connectionist, then prop ose an alternativ d-tree implemen tation with exactly the same eha viour, called \Sym olic CMA C". conclude comparing the eha viour of CMA with that of the nearest neigh our generalization. 11.1.1 CMA Summary CMA implemen ts mapping from quan tized -dimensional space to real-v alued dimensional space When an input ector is presen ted either for access or up date it is pre- pro cessed to obtain um er of indices in to large arra of eigh ts. These indices are hosen in manner (detailed in Albus, 1975a whic causes ectors close to eac other in -space to ha large prop ortion of shared indices. The notion of closeness is de�ned metric dist The closer ectors are, the more indices they share. Con ersely ey ond certain distance they share no common indices. Let us call the set of indices asso ciated with an input ector the neighb ourho of The indices address arra en tries whic con tain -dimensional eigh ts. 185

When CMA is eing accessed these eigh ts are all added to pro duce the predicted ector from -space. rite as the eigh corresp onding to the index at learning iteration Let nho denote the set of indices asso ciated with input ector The alue predicted for input on the th iteration is nho (11 1) When CMA is up dated the up date incremen is distributed ev enly among all the indices in the neigh ourho d. If on the th learning iteration wish to incremen the predicted alue at the alue the eigh ts are adjusted th us: +1 if nho otherwise. (11 2) Where nho There seems no reason to ary the um er of indices in di�eren neigh ourho ds, and so generally is system constan indep enden of the neigh ourho d. Con- en tionally the initial alue of all eigh ts is zero so for all When the learning data is presen ted as set of pairs, the incremen on the th iteration is obtained �rst �nding the curren predicted alue ), then ev aluating the error and incremen ting CMA at this error. An alternativ incremen t, used Miller et al. 1987; Miller, 1989 is the error ultiplied training factor 11.1.2 CMA Discussion The eigh arra is ulti-dimensional, and so will ery large if is larger than or and the comp onen ts of the input ectors are quan tized to more than 10 or so lev els. This problem can solv ed for CMA hashing the eigh indices do wn to uc smaller arra Th us eac cell in the smaller arra will corresp ond to ery large um er of cells in the original eigh arra The hash collisions ha een observ ed empirically not to cause great inaccuracy This can explained distribution of incremen ts er neigh ourho d: if prop ortion of the distributed eigh ts are corrupted, their exp ected summed error is small compared with the summed alues of the alid eigh ts. CMA has een used in recen ork Miller et al. 1987 and has erformed fairly accurately This ork needed only to learn one-dimensional \strand" of the in erse dynamics of rob otic manipulator along rep etitiv join space tra jectory The concen tration of data around this strand help ed minimize hash-collision problems, pro viding go erformance ev en with surprisingly small hashed-arra ys of only 2000 elemen ts. further adv an tage of CMA is that it can learn when it is not pro vided with explicit input output (11 3) 186 pairs, but simply rough input direction of prediction error (11 4) observ ations. This can used to learn mappings suc as ev aluation functions in whic an explicit ev aluation of state can rarely obtained ev en after observ ation, but an indication of whether the curren alue is to optimistic or essimistic is generally ailable. CMA C’s problems include the need to quan tize, the need to eep neigh ourho ds small (for e�cien up date and access), the inaccuracies caused hash collisions and the di�cult of formal pro of of con ergence. 11.1.3 Sym olic CMA An explicit geometric represen tation of the data passed to CMA can ha exactly the same prediction as CMA itself. call this new represen tation \Sym olic CMA C". The represen tation is the explicit set of all the input ector incremen pairs ha exp erienced: (11 5) predict, the follo wing calculation is used. denotes the prediction at ector after observ ations. ;� nho nho nho (11 6) This prediction can computed naiv ely initializing the result as and then for et een and 1: 1. En umerate all the indices in nho ). 2. En umerate all the indices in nho ). 3. Coun the um er of duplicate indices. 4. Add to the result: um er of duplicates um er in nho The pro of that is induction on This rather ine�cien implemen tation can impro ed orking out the size of the in ter- sections of neigh ourho ds indirectly instead of in this explicit manner. In Albus, 1975a the neigh ourho ds are designed to 1. Ha the prop ert that an close input ectors will ha large in tersection of neigh- ourho ds, and further ectors will share corresp ondingly less. 2. Con tain su�cien tly small um er of indices for acceptable erformance. 187

CMA C’s closeness measure is an appro ximation to Hamming distance. facilitate computation the sym olic metho will use instead the metric. That is dist max (11 7) can no de�ne the neigh ourho of as those indices within �xed distance of (this is exactly what the CMA metho of ho osing indices do es in the one-dimensional case, and what it appro ximates in higher dimensions). The size of neigh ourho is (2 nho dist (11 8) The size of the in tersection of neigh ourho ds of and can no computed. If dist it is zero. Otherwise it is the olume of -dimensional cub oid. The length of the th dimension of this cub oid is the distance of erlap in the th dimension whic can sho wn to The olume of the cub oid is th us =0 (11 9) Th us, for this metric, the prediction is dist ;X sc ale (11 10) where sc ale =0 (1 (11 11) Only those ectors lying within distance from the input ector are insp ected. If the ectors are stored in balanced d-tree, the exp ected cost of obtaining these ectors is log )) where is the total um er of ectors, is the um er of ectors whic do lie within range and is the dimensionalit of space. The metric as used simply ecause the neigh ourho in tersection computation is easy The (Euclidian) or (Hamming) metrics migh ha een preferred. The computation is the in tersection of yp erspheres, whic is straigh tforw ard (and ecause the in tersection size is simply function of the distance et een the oin ts it can precomputed in one-dimensional lo ok up table). The calculation should also not computationally exp ensiv e, but ha not attempted the unpleasan geometry to calculate the in tersection. 11.1.4 Sym olic CMA C: Discussion In this section will men tion some of the adv an tages of sym olic CMA C, but the main oin of in terest is not to suggest an alternativ implemen tation, but the link et een the apparen tly unrelated connectionist and geometric represen tations. The adv an tages are: 188

It is unnecessary to ho ose quan tization lev els for the comp onen ts of the input ectors. This is an adv an tage i) in terms of accuracy and ii) ecause it is not necessary to decide in adv ance whic ranges of the ectors need highest resolution. The neigh ourho ds can large without dramatic increase in computational cost: for example they can consist of all oin ts whic ha all comp onen ts within 30% of the full range of input ector alues. or the original CMA this ould mean an exp onen tial increase in the um er of indices in the neigh ourho for eac new dimension. oid this, CMA ust use �xed neigh ourho whic only appro ximates the generalization that ould obtained from the Hamming distance metric. There are no inaccuracies induced hashing collisions. This will most imp ortan when the dimensionalit is su�cien tly high that eac cell of CMA C’s hash arra ould corresp ond to man eigh ts and an adequate function appro ximation is desired er more than small strand of the space. Without hash collisions the predicted function lo oks smo oth, whic ma of use if gradien estimate is desired. The disadv an tages are: The memory size is not �xed. It is argued in Section 5.5 that this is acceptable ecause there will not time for the memory to get large ey ond curren ph ysical storage. Ho ev er, the �xed memory requiremen of CMA C, ev en if large, is more app ealing. The time for access migh orse. The time to store new observ ation in the sym olic CMA is trivial, but accessing in olv es range searc h. The cost of this searc dep ends critically on the distribution of the data and the size of the neigh ourho d. It is certainly ounded ab the um er of observ ations, but in general can exp ected to ery uc heap er. The author has not undertak en detailed empirical comparison. The cost of Sym olic CMA is exp ected to similar to that of SAB learning, whic in Section 10 is demonstrated as adequate. The original CMA as partially motiv ated as an attempt to mo del the eha viour of the uman cereb ellum. It is clear that Sym olic CMA is large step from the biological mo del, despite ha ving the same eha viour. 11.1.5 Comparing CMA with SAB Learning The in tended use of CMA is the same as that of the nearest neigh our generalization: non- parametric prediction from data. It has een e�ectiv ely demonstrated, particularly Miller et al. 1987 It is sho wn here to equiv alen to geometric represen tation, with an prediction obtained from basis functions. The basis function is sc ale used in Equation 11.10, and no 189 it ecomes apparen that the hoice of lo cal eigh ting as eing the olume of the in tersection of neigh ourho ds is only one of range of ossibilities. The disadv an tages er the nearest neigh our are that its eha viour is ery sensitiv to the size and shap of the neigh ourho and that unlik the nearest neigh our there is no reasonable prediction far from an exp erience (CMA will predict 0; nearest neigh our will pro vide at least rough estimate). In high dimensional space in whic the data is necessarily sparse this is serious problem except in familiar subregions. Nearest neigh our also pro vides an estimate of ho reliable its prediction is, as the distance of the nearest neigh our. Both CMA and nearest neigh our ha the problem of determining the scaling for the ari- ables. The solutions prop osed for nearest neigh our based on statistical analysis of the data could applied equally ell to CMA C. CMA and Sym olic CMA are oth resistan to noisy and slo wly hanging en vironmen t. Naiv nearest neigh our erforms badly with suc data, but the mo di�cations used for SAB learning solv these problems. The most imp ortan adv an tage of CMA and Sym olic CMA is that they can still learn when trained not on input{output pairs but alues indicating the direction of the error of the curren prediction. 11.2 Reinforcemen Learning using Dynamic Programming Here are concerned with dynamic system whic has con tin uum of actions and con tin uous o-dimensional state space. The task is of the class whic needs non-lo cal con trol strategy and so learning the orld mo del is not the only problem. The main thesis of this ork has een that with abstractions pro vided orld mo dels, other asp ects of the con troller ma preprogrammed with ease, and need not learned. In this section, ho ev er, discuss simple in estigation whic considers one of further increasing the con troller’s autonom The metho is based on dynamic programming (DP) whic is, for example, describ ed in Burghes and Graham, 1980 Dynamic programming has recen tly een opularized as metho to used in conjunction with reinforcemen learning Sutton, 1990 Figure 11.1 sho ws simple dynamic system. puc is sliding on bump surface. It can thrust left or righ with maxim um thrust of one Newton in either direction. Ho ev er, ecause of gra vit the actual horizon tal acceleration aries. In fact, in the puc osition sho wn, the maxim um righ thrust is not strong enough to accelerate up the slop e. This is made more clear in Figure 11.2. It is state sp ac diagr am The puc k’s state has comp onen ts (its erceiv ed osition and elo cit y) and th us can represen ted o- comp onen ector. In the �gure the horizon tal axis corresp onds to puc osition and the ertical axis corresp onds to puc sp eed. explain further, the est of the diagram are states in whic the puc is to the left, east denotes \puc on righ t", north denotes \puc mo ving righ ards" and south denotes \puc mo ving left ards". The cross-hairs sho the goal state, whic is stationary 190

Figure 11.1 frictionless puc acted on gra vit and thruster. The target osi- tion is sho wn the cross hairs. Figure 11.2 The state transition func- tion for puc whic con- stan tly thrusts righ t. three quarters of the up the hill (that is, state 10 where denotes osition and denotes elo cit y). The arro ws sho the next state of the puc if it ere to thrust righ ards with the maxim um legal force of one Newton. Notice that at the cen tre of state space then ev en when giving this maxim um thrust the steep slop causes the puc to gain negativ elo cit and slide left. Do es this mean that if the puc is stationary at that it is imp ossible to get to the goal state? If the orld mo del is kno wn then the answ er can obtained searc hing breadth �rst through 191

Algorithm: Dynamic Programming Input: Finite set of states Finite set of actions State ransition unction Set of goal states Output: set of triples )) where In tegers Pre: ost: The output triples ha the follo wing prop ert )) if and only if is the minim um um er of time steps needed to get to an goal state starting from and is an optimal action whic can tak en in state to ac hiev this. Co de: 1. := 2. := 0) 3. while or 3.1 := 3.2 := for some 4. := able 11.1: The Dynamic Programming Algorithm all sequences of actions applied starting at the initial state. The more computationally tractable pro cedure of Dynamic Programming can used to pro vide the same information. The dynamic programming algorithm is sho wn in able 11.1. erform DP with con tin uum of state and action ariables it is necessary to partition oth the state space and the action space in to �nite um er of ossibilities. In this puc example the partitioning is ac hiev ed quan tizing the actions to 15 di�eren lev els and quan tizing eac state ariable to 64 lev els, pro ducing 4096 discrete states. Dynamic programming is then erformed, using, as the state transition function the analytic orld sim ulation mo del. The results are ortra ed graphically in Figure 11.3. They indicate that it is ossible to reac the goal state mo ving left initially and then accelerating to the righ to gain su�cien sp eed to reac far enough up the hill efore gra vit brings the puc to halt. are in terested in what can done if there is no prede�ned analytic orld mo del to consult. Consider the case where the only exp erience of the orld had een gained from the tra jectories sho wn in Figure 11.4, whic consist of total of 33 exp eriences (this as obtained running puc trials in whic h, on eac con trol cycle, the puc hose random thrust in the range -1 to 192

Figure 11.3 The brigh tness lev el in this diagram denotes the ev al- uation that DP giv es the states. The arro ws sho the next states if ou apply the actions recommended DP Notice that the ev al- uation function has ma jor discon tin uit Figure 11.4 Some random exp eriences in the Puc k’s state space. Newton). SAB orld mo del mo del as learned from these exp eriences: Puc osition and Sp eed {z State Puc Thrust {z Action Puc Acceleration {z Beha viour (11 12) Dynamic Programming as then erformed using only this learned orld mo del. The results are sho wn in Figure 11.5. The strategy obtained lo oks encouragingly similar to the optimal strategy obtained DP with the analytic mo del, although there are errors, particularly in the righ hand 193 half of the state space (for example the ottom righ hand corner). In fact there is also region of critical error among the states leading up to the goal. Figure 11.6 sho ws the results of running using actions recommended this DP’s action map. Unfortunately the misplaced discon tin uit leads to missing of the target. This is not ery disheartening ecause it as based on absolutely no exp erience near the goal state. Ha ving had this failed attempt more information near the goal has een obtained. When this extra information is added to the SAB -tree, and DP is applied again with the up dated orld mo del, sup erior con troller is obtained (sho wn in Figure 11.7, though the di�erence is unfortunately hard to detect visually) whic is no su�cien to ac hiev the goal on the next attempt (see Figure 11.8). It has th us een sho wn that the orld mo dels obtained from SAB -learning can used instead of an analytic mo del to autonomously compute non-lo cal con trol. Ho ev er, DP orks quan tizing and en umerating the state and action spaces whic is exactly what the SAB orld mo del learner has een designed to oid. Th us it seems shame that the orld mo del learner can surviv high dimensions but the con troller whic uses it cannot. Ev en with the fairly trivial Puc example, DP is rather computationally exp ensiv (�v min utes pro cessing on UNIX orkstation using the SAB -learned orld mo del). 11.2.1 ariable Resolution Dynamic Programming Instead of en umerating the state and action spaces, let us follo the same approac that as used for SAB -learning. Here, an exp erimen tal metho is describ ed whic erforms computation only within those areas of state and action space whic ha actually een exp erienced. First, let us consider in depth the assumptions that DP mak es in order to estimate the minim um time to goal. shall denote this estimation ttg 1. ttg ttg if the orld mo del predicts that for some action it is ossible to get from state to state in one time step. 2. ttg Goal State 3. The estimated time to goal ttg for all states in the same quan tization cell is the same. The �rst and second assumptions are logically alid, and the third assumption is necessary in order to supply DP with �nite um er of states. This is not necessarily accurate, but accuracy can gained increasing the um er of quan tization lev els, and hence the um er of distinguishable states. It is based on the assumption that ttg is smo oth and will th us not ary signi�can tly within eac quan tization cell. The smo othness assumption is not necessarily true (for example, there is discon tin uit in Figure 11.3), but from discon tin uities pro vides an excellen estimate of the optimal action. erform the equiv alen of DP without needing to lo ok at states other than those that ha exp erienced, let us mak an alternativ smo othness assumption: 194

Figure 11.5: Dynamic programming us- ing orld mo del obtained from SAB learning. Figure 11.6: ra jectory pro duced us- ing the results of Figure 11.5. Figure 11.7: Dynamic programming us- ing learned orld mo del up dated with the exp erience of Figure 11.6. Figure 11.8: ra jectory pro duced us- ing the results of Figure 11.7. 195

3a. ttg has maxim um slop or an states and ttg ttg (11 13) The new DP algorithm ev aluates states �nding the most essimistic ttg whic agrees with the orld observ ations and whic �ts the constrain ts 1, 2, and 3a ab e. Wh is the most essimistic alue within the constrain ts used? The adv an tage is that it is the most clearly de�ned in terpretation. momen t’s re ection sho ws that the optimistic ev aluation within constrain ts ould useless: it ould simply that ttg for all states. There is also computational adv an tage in eing essimistic|the ttg estimate can then computed for eac state that has een exp erienced with reference only to other states whic ha een exp erienced. The only states whic ha their ttg ’s recorded are the goal state(s) and all states whic ha een exp erienced. The latter are recorded in SAB -tree. Initially efore an exp erience, the estimated time of the goal state goal is zero, and (3a) kno that for an other state ttg ttg goal goal (11 14) Th us, ecause use the most essimistic estimate, and putting ttg goal 0, deriv ttg goal (11 15) This pro duces Figure 11.9. The apparen quan tization is due to the primitiv 2-d graph dra wing soft are. There is no quan tization for the actual algorithm. Here, is hosen as time steps er metre, whic corresp onds to gradien 500 in uniformly scaled SAB -tree units. The start state has ttg 64 time steps. shall no describ the op eration of �nding the most essimistic ttg that satis�es constrain ts (1), (2) and (3a). are giv en kno wn goal state goal and set of observ ations (11 16) The op eration is ac hiev ed algorithms. The �rst, Ev aluate �nds the alue of an state, giv en the kno wn alues of set of other states, means of constrain (3a). The second algorithm computes the ttg for all exp erienced states It uses the Ev aluate algorithm and constrain ts (1) and (2). The reader who is in terested in the eha viour of these algorithms, but not their implemen tation, should skip to Section 11.2.4. 11.2.2 The \Ev aluate" Algorithm This tak es, as input, the query state and set of kno wn ev aluations ES (11 17) 196

Figure 11.9 ttg |the essimistic, slop ounded ev aluation func- tion after no exp erience. The only kno wledge is that the target state is zero time steps to success. Let us call suc set an evaluation set The simplest algorithm to estimate ttg ould lo ok at eac mem er of ES in turn. Constrain (3a) tells us that for eac mem er ES ttg In particular kno that ttg is no greater than this expression for the alue of whic minimizes essimistic, it ust assumed that ttg equals this minim um alue. The algorithm of �nding the minim um alue scanning the whole ev aluation set ould alid, but slo w. sup erior algorithm has een dev elop ed whic searc hes the ev aluation set as d-tree in similar manner to that of nearest neigh our searc h. Searc states are often reac hed at whic the lo est alue of et found is su�cien tly lo that other yp errectangles in the tree need not searc hed. This ccurs when the distance of the yp errectangle to the query oin is su�cien tly great, that the lo est ossible expression of an oin in it (whic is Ad is greater than the est et found, and so searc cuto� ma ccur. With large alue of almost all the tree is cut The alue of in hosen as large an yw in order to increase the hance the constrain (3a) is alid. 11.2.3 Ev aluating all Exp erienced oin ts Here explain ho to �ll the set of all observ ed states with their correct ttg alues, giv en set of observ ed state transitions (11 18) It starts with an estimate of the ttg ’s of all states based solely on the distance to the goal state. It then iterativ ely reduces this estimate using (1) and (3a) while ensuring the estimate nev er ecomes more optimistic than is necessary to satisfy the constrain ts. 197

An ev aluation set called ES is constructed. ES (11 19) It is initialized goal for ev ery (11 20) Then the follo wing steps are erformed 1. or eac := min ). This is necessary to ensure constrain (1) is upheld. state cannot ha an ev aluation more than one greater than kno wn successor state. 2. All the and are all recalculated using the Ev aluate algorithm applied to the ev al- uation set ES This is necessary ecause the previous op eration migh ha made some previously or states in to go states. Other states whic are close to these impro ed states should themselv es giv en sup erior ev aluations to main tain constrain (3a). The op erations ab are rep eated in turn un til there are no further hanges to ES Al- though not pro ed here, it is eliev ed that, as is the case with the standard Dynamic Programming algorithm, this termination only ccurs when all constrain ts are satis�ed, and that the resulting ev aluation is the most essimistic. 11.2.4 Algorithm Beha viour illustrate this pro cedure, let us consider the results of incorp orating small um er of transi- tions. The tra jectory and the resulting essimistic ev aluation function are sho wn in Figure 11.10. Notice that the ev aluation has impro ed for the states early on whic subsequen tly follo ed an impro ving tra jectory but did not hange for the part of the tra jectory whic ecame orse. After further exp eriences, some random and some using the ev aluation function (unsuccessfully), the exp eriences and ev aluation function lo ok ed as in Figure 11.11. It can seen to resem ble the ev aluation function obtained normal dynamic programming. This is further con�rmed insp ection of Figure 11.12 whic sho ws the action map deriv ed from the ev aluation function. Ho ev er, it can also seen that unless particularly luc ky random exp erimen tak es place, no trial starting at the state space cen tre will succeed. ollo wing the arro ws in Figure 11.12 it can seen that it will �rst tra el do wn and to the left through state space, then up, on the left side un til it swings righ ards mo ving along the top. Ho ev er it comes do wn to early meaning it slo ws do wn to so on and do esn’t mak it up the hill. Th us it gets close, but not close enough. This can seen to ha happ ened already sev eral times in Figure 11.11. This erformance is go d, considerably etter than with the naiv lo cal con troller, but not quite go enough. Rather than ait for luc ky random exp erimen to ccur, ga the con troller hin starting the puc in ery go state, whic as still scored badly this ev aluation function. This is 198

Figure 11.10 essimistic slop ounded ev aluation after little ex- erience. Figure 11.11 ttg the essimistic slop ounded ev aluation after further exp erience. 199

Figure 11.12 The thrusts recommended the ev aluation function of Figure 11.11. the state of mo ving righ ards at great sp eed at 0. It is go ecause the hill can used to decelerate in time to reac the goal. The in teresting question as whether the con troller ould generalize from this extra success. The trial as carried out, causing the ev aluation function sho wn in Figure 11.13. This new ev aluation function is go enough to aid the con trol of the puc from the cen tre of state space, as sho wn in Figure 11.14. This is encouraging ecause some useful exp erience in one area of the state space has aided en tirely di�eren areas|a ery non-lo cal e�ect. 11.2.5 Discussion The initial ariable Resolution Dynamic Programming implemen tation has demonstrated that it is ossible to learn to con trol dynamic systems using non-lo cal strategies. Its adv an tages are: ariable resolution. It can adjust to resolutions of in terest and is non-parametric. These imp ortan features ha een discussed earlier in this dissertation (see Section 5.2). Inexp ensiv computation. The cost of up dating the ev aluation function is lo w. It happ ens once at the end of eac trial, though there ould nothing to prev en it from ccurring incremen tally in parallel with the trials. The ypical up date cost is log in the um er of exp eriences ecause the um er of dynamic programming iterations is usually only one unless great \disco ery" is made whic leads to re-ev aluation of non-lo cal parts of the state space. This is considerable impro emen on high dimensional Dynamic Programming. Learning rate. The rate of learning is high compared with non-DP metho ds ecause the one-shot prop ert of SAB learning is retained. 200

Figure 11.13 ttg the essimistic slop ounded ev aluation after further exp erience, includ- ing starting at the state 5. This start state lead easily to the goal. Figure 11.14 The tra jectory follo ed means of the ev aluation function of Figure 11.13. 201

Ho ev er, the initial implemen tation still has some serious problems. Serious discon tin uities seem lik ely in man ev aluation functions. The smo othness assump- tion (3a) is in alid. Empirical evidence is needed to determine ho seriously this undermines erformance. Gaining useful exp erience. The problem of gaining exp erience is more di�cult than it as for the SAB action ho oser ecause those areas of the state space in whic it is imp ortan to exp erimen ma themselv es ery hard to reac h. urthermore, in dynamic system suc as this, random actions usually result in ery quic disaster. Not pro en. The only domain in whic it has een attempted is o-dimensional state space in whic quan tization of ariables is actually adequate. more complex test is required. It is not clear that it is imp ortan to learn non-lo cal or optimal con trollers. The example task here could ha een con trolled sligh tly more complex lo cal con troller whic used the tactics 1. Get to stationary state at the ottom of the alley 2. Mo to 18 3. Accelerate to ards the goal. Suc con troller is sligh tly more ork on the part of the system designer, but is not di�cult to ac hiev e. It seems lik ely that to solv the non-lo cal con trol autonomously it migh more pro�table to automate the acquisition of qualitativ plans suc as that ab e, rather than to compute them at lo lev el as ha een doing in this section. 202

Chapter 12 Conclusion The onclusion takes the form of summary of the work of the dissertation, then description of its imp ortant ontributions, and �nal ly discussion of ossible extensions. 12.1 Summary The principal theme of this dissertation has een that realistic rob ot learning can ccur if the things whic ho ose to learn are mo dels of the orld, and that this is particularly useful if the learning is practical, e�cien t, fast and robust. The supplemen tary theme has een that learned orld mo dels are su�cien to mak the rest of rob ot con trol considerably easier. rob ot task is con trolled the SAB con trol cycle, repro duced for �nal time in the left of Figure 12.1. orld mo dels are learned explicitly storing ev ery exp erience as triplet of data: the erceiv ed state in whic the exp erience ccurred, the ra action whic as then applied, and the resulting erceiv ed eha viour. By generalizing to new exp eriences using the closest kno wn exp erience, it has een explained and demonstrated that learning happ ens quic kly art of the dissertation has dealt with the data structures and algorithms necessary to ensure robust nearest neigh our erformance. These ha included mec hanisms for fast access and up date, and robustness to disorder. The dissertation also pro vides theoretical analysis of what can learned, and ho quic kly the nearest neigh our metho d. The resulting data structure is the SAB -tree: mo di�ed, data-sharing, pair of d-trees. The SAB action ho oser erforms more slo wly during early learning, when it kno ws that it do es not kno ho to ac hiev requested eha viours. In suc cases it can ho ose the most promising and informativ out of ariet of candidate actions, means of the succ probabilit of success heuristic, whic is de�ned in terms of the partially learned forw ard State Action Beha viour orld mo del. The �rst candidate action considered the SAB action ho oser is alw ys the one 203

Figure 12.1 The structure of SAB -learning. 204 recommended partial in ersion. This is obtained nearest neigh our searc of the in erse State Beha viour Action ), and ossibly fault mo del. This is hec ed passing it through the forw ard mo del, and if adequate the partial in ersion action is used. As more is learned, access ecomes faster ecause the partial in ersion estimate is usually kno wn to suitable, and th us almost no action ho osing computation is required. The system ecomes increasingly reactiv as task erformance impro es. An imp ortan feature of this ork is the attempt to escap the curse of dimensionalit This can only done in one of ys. 1. Assume there exists extra structure in the problem and then �nd the est �t of the data to the structure. This is e�ectiv if it is kno wn that an new problem wil ha solution in the required structure. Otherwise learning can get stuc k. 2. Delib erately restrict learning to particular lo dimensional subsets of the data whic are su�cien to solv the task. This approac as adopted. The dissertation then describ es ho The part of rob ot con trol whic is con en tionally regarded as the ottom lev el|the mo delling of the rob ot/w orld dynamics|can ac hiev ed automatically SAB learning. urthermore the mo dels can learned for any erceiv ed ariables su�cien to determine the state, action and eha viour of the rob ot. Middle abstraction lev els suc as stabilit and tra jectory trac king can dealt with in uni�ed manner|ice puc con trol. These are tasks in whic the eha viour required can obtained ery easily from the curren erceiv ed state and curren erceiv ed goal. Complex tasks, for whic lo cal erception-based con trol strategies do not exist, can bro- en up in to hierarc of simpler SAB con trollers at arying lev els of abstraction. This is demonstrated for the di�cult con trol task of olleying ball in to buc et with dynamic rob ot arm. this stage the structuring needs to erformed some exp ert, presumably uman. In order to able to classify the con troller as truly autonomous, it ould ha to able to devise the structuring strategy itself. this stage the lac of full autonom is compromise, justi�ed the observ ation that large prop ortion of the e�ort in rob otic con trol using con en tional metho ds is not in in en ting abstract strategies, but in mo delling the orld. 205

12.2 Con tributions 12.2.1 Design and Detailed In estigation of the SAB Con trol Cycle This ork has in tegrated erception, kinematic and dynamic learning, and osed them as one problem: the relationship et een ra erceptions of state, action and eha viour. It as sho wn that uc of the previous mo del-learning ork in the �eld can cast in the same format. The SAB con trol cycle as in tro duced, and its use as demonstrated range of detailed empirical exp erimen ts. 12.2.2 Using Nearest Neigh our to Learn orld Mo dels The nearest neigh our metho had een used for classi�cation for some ears. Its use to learn mappings had een suggested, but generally passed er in fa our of asymptotically more accurate, though slo er and less general, lo cal regression metho ds. Clo ksin and Mo ore, 1989 is the �rst published ork kno wn to the author whic actually uses the nearest neigh our metho to learn rob ot orld mo del. Other indep enden in estigations Mel, 1989; tk eson and Reink ensmey er, 1989 ha successfully used nearest neigh our within rob ot learning in estigations, though in eac case with di�eren end in sigh t. This ork has enhanced the d-tree based nearest neigh our metho for the purp oses of SAB learning. In particular it has Mo di�ed it to sim ultaneously learn the alid \safe" forw ard mo del State Action Beha viour and the useful (but not necessarily alid) in erse mo del State Beha viour Action The forw ard mo del allo ws the correct mo del of the orld to learned without the danger of \stic king" or am biguit dangers whic the in erse mo del can cause. Ho ev er, when the in erse mo del is alid it can consulted for fast erformance. The simple form of nearest neigh our is in danger of erforming orly in noisy or non- stationary en vironmen t. This ork therefore augmen ts the metho to cop with these situa- tions in robust fashion whic is also optimized for e�ciency The extra cost is orne en tirely at orld mo del up date time, whic is argued to less critical than at orld mo del access time ecause i) accesses are more common than up dates, and ii) if absolutely necessary the orld mo del could up dated o�-line (as the STORE.AFTER exp erimen demonstrated in Section 10.3). The d-tree based nearest neigh our algorithm as tested under ariet of conditions. 12.2.3 SAB Action Cho oser ha implemen ted probabilistic mec hanism whic solv es the erform/exp erimen dilemma using kno wledge ab out its wn kno wledge to decide whether exp erimen tation is necessary and if so 206 what go exp erimen ould e. ha sho wn ho the pro cess of rep eated exp erimen tation can view ed as an optimization pro cess whic will not get stuc in lo cal minima. In the neigh ourho of the optimal action, the error decreases exp onen tially with subsequen hoices (the um er of bits of accuracy increases linearly). The SAB action ho oser also biases the dense, high accuracy learning to tak place only in restricted subregions of the con trol space, whic is essen tial for learning to tak place in high dimensionalit 12.2.4 In tegration of SAB Con trol with Comp ound Con trollers dev elop ed tec hnique for hierarc hical learning to tak place at ultiple lev els of abstraction whic h, unlik earlier prop osals, do es not su�er from the danger of eing stuc due to the credit or blame assignmen problem. This danger is oided ecause the system learns, at all lev els, only ob jectiv observ ations ab out the orld, rather than action maps. 12.2.5 Inciden tal Con tributions Based on empirical tests, ha impro ed the d-tree building algorithm in order to increase nearest neigh our searc sp eed, at the exp ense of some tree balance. ha pro vided surv ey of recen ork in learning rob ot con trol. ha extended the pro ofs of C-learnabilit pro duced Aha et al. 1990; Kibler et al. 1988 for nearest neigh our based classi�cation, to the learnabilit of generally con tin uous functions. ha iden ti�ed and pro ed the oten tially useful relationship et een Albus’s CMA Albus, 1975a; Albus, 1975b and d-tree-based represen tation|\Sym olic CMA C". ha made some initial demonstrations of ho orld mo del learning can also help au- tonomously learn non-lo cal con trol strategies. This has een means of dynamic program- ming, supplemen ted learned SAB orld mo del, and means of an exp erimen tal ariable resolution ersion of dynamic programming. 12.3 uture ork and Extensions The follo wing areas ere iden ti�ed as imp ortan issues in Chapter 3, whic surv ey ed the learning con trol �eld. Can this ork extended to encompass them? 12.3.1 State Iden ti�cation This ork has assumed that it as an easy job for the system designer to sp ecify whic sensor inputs ere su�cien to determine the system state. If this ere not the case, then what could 207 done? One ossibilit ould to let the rob ot use the alues of all conceiv able sensors and previous action signals|and erhaps their time deriv ativ es as ell. It is lik ely that all the information ould su�cien to determine state, but there ould great deal of redundancy whic ould slo do wn all algorithms whic ere time dep enden on state ector length, and also impair the nearest neigh our algorithm. Solutions to this ha een prop osed: In ogel, 1989 oten tial state signals whic ha no e�ect on eha viour are detected. In Aha et al. 1990 state comp onen ts are eigh ted, and eigh ts of \p orly predicting" comp onen ts are gradually reduced to zero. In Simons et al. 1982 the most recen sensor readings are initially considered su�cien state represen tations, but in the presence of apparen non-determinism increasingly older sensor readings and action hoices are used to augmen the state. 12.3.2 Non-determinism new mapping ust learned in place of State Action Beha viour This is State Action Beha viour (12 1) This is the relationship et een the state, the action applied and the probabilit distribution of the eha viour. The probabilit densit can estimated using an exemplar set in ariet of ys Omo- undro, 1987 The SAB action ho oser is already designed to ho ose the action with the highest probabilit of success, but in its curren implemen tation the uncertain is only in terms of lac of information. The estimate could supplemen ted with an additional term indicating the estimated inheren uncertain in applying an action. 12.3.3 Induction The SAB learning metho could not called inductiv e. The represen tation of the orld mo del is not an attempted explanation of the data, instead it is the data. This non-inductiv represen tation is used precisely to oid making extra assumptions ab out the data, whic could lead to stuc learning ere they incorrect. Nonetheless, once the data ere gathered it ould in teresting, and ossibly useful for more abstract asp ects of con trol, to try to explain it. There are umerous inductiv learning systems, including decision trees and genetic classi�er systems, but particularly suitable metho migh Aha’s instance-based learning Aha et al. 1990; Kibler et al. 1988 whic obtains simple explanation in the form of small um er of exemplars under the nearest neigh our generalization. 208

12.3.4 urther ork on Autonomous Non-lo cal Con trol It is in tended that ariable resolution dynamic programming, as describ ed in Section 11.2, in estigated further. If successful it migh help tak the automation of system design ev en further up the hierarc of abstractions. or example, the acquisition of tec hniques suc as ice puc con trol, migh automated. 12.3.5 ast Lo cal Regression Some of the early ork of this in estigation used regression based on selection of lo cal exemplars instead of nearest neigh our prediction. This as abandoned ecause Nearest neigh our ga go erformance accuracy for considerably simpler algorithm. Lo cal regression as ery hard to implemen with adequate real time erformance (for reasons describ ed in Section 5.2). Lo cal regression as uc less noise-toleran t. Ho ev er, with increasing computational er it migh easier to use lo cal regression instead of, or in conjunction with, nearest neigh our, particularly to help guide the SAB action ho osing searc h. urther in teresting and imp ortan extensions include additional empirical tests with real, dy- namic rob ots, and also the in triguing question of ho to learn \safely"|in en vironmen ts where certain sorts of or erformance, ev en once, ould unacceptably exp ensiv e. 12.4 Concluding Remarks Rob otics is oung and promising discipline but it is generally agreed that rob ots ould ene�t considerably from more autonom than that of presen industrial mac hines. It is also ell kno wn that mo dels of the eha viour of the rob ot can considerably simplify rob ot con trol. Here ha seen that rob ot can learn surprisingly quic kly and easily from its en vironmen simply recording ev erything that it observ es. It is this cen tral idea whic has motiv ated the dev elopmen of the SAB learning system, and it is to this idea that the success of these initial demonstrations ust attributed. It is hop ed that some of the ideas of this dissertation migh pro useful in practical systems. It is an exciting though that the acquisition of orld mo dels migh realistic next step in rob ot automation. 209

App endix ormat of Graphs Figure A.1 sho ws an example of the graph notation used in this dissertation. The graph as obtained from running, in this case, fort exp erimen ts (hence the 40" on the ey). or eac -co ordinate on the graph, there ere th us fort statistics. The co ordinate corresp onding to eac -co ordinate is the mean of these fort statistics. In order to represen the spread of the data, the standard deviation of eac set of statistics is sho wn. The length of eac bar ab the mean oin is the standard deviation. Occasionally some standard deviation bars are so large that they do not �t en tirely on the graph and are th us clipp ed. The standard deviations ha second use. Along with kno wledge of the um er of statistics, they can indicate the con�dence that the mean of the sample is the true mean of the opulation. or observ ations, the probabilit that the mean lies within 96 sample standard deviations of the mean is appro ximately 95% Ho el, 1971 This is ecause the sample mean of reasonably large set of observ ations eha es lik normally distributed ariable with mean and ariance where is the sample ariance. The um er of observ ations for this to generally accurate has een observ ed as appro ximately thirt or example, if the mean alue is 10, the sample standard deviation and the sample size 40, there is 95% probabilit that the true mean of the opulation is et een 10 40 (A 1) The prop ortional length of the con�dence in terv al is sho wn to the left of the ey 210

Figure 1.1 graph ypical of this dis- sertation. 211

App endix Nearest Neigh our olynomially Learns Con tin uous unctions Lo oking bac at the pro of of nearest neigh our learnabilit giv en in Section 5.3, the um er of exemplars required for the co erage lemma dep ends directly on and where in turn dep ends on and dep ends on and kno that if �nd an suc that i) �; as de�ned in Equation 5.12, ii) and iii) that then (with probabilit will ha ac hiev ed tolerance Here egin sho wing, for the case of uniformly con tin uous function, that the dep endence of on is linear. This is ecause uniformly con tin uous function has the prop ert (see Burkhill, 1978 that x; (B 1) Th us if ho ose =G kno that for an domain oin ts G� (B 2) as required. Using this the um er of exemplars �; =G; whic is log (B 3) Th us when learning uniformly con tin uous functions the um er of -dimensional exemplars required is etter than 1)-nomial in linear in and sublinear in It can also sho wn that for ounded-slop functions with discon tin uities caused �nite region oundaries, the dep endence of on and is olynomial (pro ed for strongly related case in Aha et al. 1990 ). urthermore, it is conjectured that for asymptotes for whic the gradien increases olynomially with the recipro cal of the distance to the discon tin uit that the dep endence is again olynomial. 212

App endix Estimating whether Directed Beha viour is ttainable The heuristic describ ed in this app endix as used in the \autonomous time-c hoice" exp erimen ts in Section 10.4. The ccasional need for suc heuristic as discussed in Section 8.3. An estimate is required of the probabilit that eha viour is attainable at the curren state. The task con troller can use this probabilit to decide if it is su�cien tly unlik ely that it it not orth requesting of the SAB action ho oser. This probabilit is heuristic estimate. With the same motiv ation as has the succ estimate (Sections 8.1 and 8.2), it is hosen to robust and computationally heap. It assumes the goal eha viour has dir ction This is equiv alen to de�ning eha viour origin The concept of eha viour ha ving direction is generally acceptable|for example the eha viour of dynamic manipulator is an acceleration ector whic has clearly de�ned origin and direction. Th us, let us de�ne the magnitude and direction of goal ector goal goal and goal goal goal (C 1) It then estimates the global probabilit that there exists an action whic can ac hiev eha viour whose comp onen t, in the requested direction, has at least the requested magnitude. This global probabilit is computed using the follo wing appro ximation: There exists an action whic can attain the goal magnitude in the goal direction There exists an extreme action whic can attain at least the goal magnitude in the goal di- rection (C 2) where an extreme action is an action suc that eac comp onen is either the minim um or maxim um of the ermitted alues. If the ev en ts of Equation C.2 are considered equiv alen then their probabilities are the same. The um er of extreme actions is Dim Action or eac of these, the 213 probabilit of ac hieving eha viour comp onen at least as large as that requested can computed using the probabilit of success heuristic whic as used in Section 8.1. Prob goal goal curren erf goal smo oth near goal curren near near (C 3) where is the th extreme action and where near near near smo oth near is the nearest neigh our to curren in the exemplar set The probabilit that all of these actions are unable to ac hiev large enough comp onen is no more than the probabilit that the most promising cannot ac hiev the magnitude (from Prob Prob )). So if the probabilit of success of the most promising action is less than some resignation probabilit res then this estimate recommends that the SAB action ho oser resign itself to using the est kno wn action. The computational exp ense of this sc heme is not great for lo dimensional action space Dim Action 4). or higher dimensional space it migh necessary to erform hill- clim bing searc among extreme actions to �nd an appro ximation to the most promising extreme action. 214