Learning Con trol Under Extreme Uncertain Vija ykumar Gullapalli Computer Science Departmen Univ ersit of Massac usetts Amherst, MA 01003 Abstract eg-in-hole insertion task is used as an example to illustrate the utilit of direct asso ciativ reinforcemen learning metho ds for learning con trol under real-w orld conditions of uncertain and noise. ask complexit due to the use of an unc hamfered hole and clearance of less than mm is comp ounded the presence of ositional uncertain of magnitude exceeding 10 to 50 times the clearance. Despite this extreme degree of uncertain our results indicate that direct reinforcemen learning can used to learn robust reactiv con trol strategy that results in skillful eg-in-hole insertions. INTR ODUCTION Man con trol tasks of in terest to da in olv con trolling complex nonlinear systems under uncertain and noise. Because traditional con trol design tec hniques are not ery e�ectiv under suc circumstances, metho ds for learning con trol are ecoming increasingly opular. Unfortunately in man of these con trol tasks, it is di�cult to obtain training information in the form of presp eci�ed instructions on ho to erform the task. Therefore sup ervised learning metho ds are not directly applicable. the same time, ev aluating the erformance of con troller on the task is usually fairly straigh tforw ard, and hence these tasks are ideally suited for the application of asso ciative einfor ement le arning (Barto Anandan, 1985). or our purp oses, noise can regarded simply as one of the sources of uncertain In asso ciativ reinforcemen learning, the learning system’s in teractions with its en vironmen are ev aluated critic, and the goal of the learning system is to learn to resp ond to eac input with the action that has the est exp ected ev alua- tion. In learning con trol tasks, the learning system is the con troller, its actions are con trol signals, and the critic’s ev aluations are based on the erformance criterion asso ciated with the con trol task. Tw kinds of asso ciativ reinforcemen learning metho ds, direct and indirect, can distinguished (e.g., Gullapalli, 1992). Indi- rect reinforcemen learning metho ds construct and use mo del of the en vironmen and the critic (mo deled either separately or together), while direct reinforcemen learning metho ds do not. ha previously argued (Gullapalli, 1992; Barto Gullapalli, 1992) that in the presence of uncertain hand-crafting or learning an adequate mo del|imp erativ if one is to use indirect metho ds for training the con troller|can ery di�cult. Therefore, it can exp editious to use direct reinforcemen learning metho ds in suc situations. In this pap er, eg-in-hole insertion task is used as an example to illustrate the utilit of direct asso ciativ reinforcemen learning metho ds for learning con trol under real-w orld conditions of uncertain PEG-IN-HOLE INSER TION eg-in-hole insertion has een widely used rob oticists for testing arious ap- proac hes to rob ot con trol and has also een studied as canonical rob ot assem bly op eration (Whitney 1982; Gusta vson, 1984; Gordon, 1986). Although the abstract eg-in-hole task can solv ed quite easily real-w orld conditions of uncertain due to (1) errors and noise in sensory feedbac k, (2) errors in execution of motion com- mands, and (3) uncertain due to mo emen of the part grasp ed the rob ot can substan tially degrade the erformance of traditional con trol metho ds. Approac hes prop osed for eg-in-hole insertion under uncertain can group ed in to ma jor classes: metho ds based on o�-line planning, and metho ds based on reactiv con trol. O�-line planning metho ds com bine geometric analysis of the eg-hole con�guration with analysis of the task statics to determine motion strategies that will result in successful insertion (Whitney 1982; Gusta vson, 1984; Gordon, 1986). In the pres- ence of uncertain in sensing and con trol, researc hers ha suggested incorp orating the uncertain in to the geometric mo del of the task in con�guration space (e.g., Lozano-P erez et al., 1984; Erdmann, 1986; Caine et al., 1989; Donald, 1986). O�- line planning is based on the assumption that realistic haracterization of the margins of uncertain is ailable, whic is strong assumption when dealing with real-w orld systems. Metho ds based on reactiv con trol, in comparison, try to coun ter the e�ects of uncertain with on-line mo di�cation of the motion con trol based on sensory feed- bac k. Often, ompliant motion con trol is used, in whic the tra jectory is mo di�ed con tact forces or tactile stim uli ccurring during the motion. The complian eha vior either is activ ely generated or ccurs passiv ely due to the ph ysical har- acteristics of the rob ot (Whitney 1982; Asada, 1990). Ho ev er, as Asada (1990) oin ts out, man tasks including the eg insertion task require complex nonlin- ear compliance or admittance eha vior that is ey ond the capabilit of passiv mec hanism. Unfortunately umans �nd it quite di�cult to presp ecify appropri- ate complian eha vior (Lozano-P erez et al., 1984), esp ecially in the presence of uncertain Hence tec hniques for learning complian eha vior can ery useful. demonstrate our approac to learning reactiv con trol strategy for eg-in-hole insertion training con troller to erform eg-in-hole insertions using Zebra Zero rob ot. The Zebra Zero is equipp ed with join osition enco ders and six- axis force sensor at its wrist, whose outputs are all sub ject to uncertain Before describing the con troller and presen ting its erformance in eg insertion, presen some exp erimen tal data quan tifying the uncertain in osition and force sensors. QUANTIFYING THE SENSOR UNCER AINTY In order to quan tify the osition uncertain under arying load conditions similar to those that ccur when the eg is in teracting with the hole, compared the sensed eg osition with its actual osition in cartesian space under di�eren load conditions. In one suc exp erimen t, the rob ot as commanded to main tain �xed osition under �v di�eren loads conditions applied sequen tially: no load, and �xed load of 0.12Kgf applied in the and directions. Under eac condition, the osition and force feedbac from the rob ot sensors, as ell as the actual osition of the eg ere recorded. The sensed and actual ositions of the eg are sho wn in able 1. The sensed ositions ere computed from the join ositions sensed the Zero’s join osition enco ders. As can seen from the table, there is large discrepancy et een the sensed and actual ositions of the eg: while the actual hange in the eg’s osition under the external load as of the order of to mm the largest sensed hange in osition as less than 025 mm In comparison, the clearance et een the eg and the hole (in the 3D task) as 175 mm rom observ ations of the rob ot, could determine that the uncertain in osition as primarily due to gear bac klash. Other factors a�ecting the uncertain include the osture of the rob ot arm, whic a�ects the the bac klash is loaded, and in teractions et een the eg and the en vironmen t. able 1: Sensed And Actual ositions Under Di�eren Load Conditions Load Condition Sensed osition mm Actual osition mm No load osition (0.0, 0.000000) (0.0, 0.0) With load (0 014673) (0 5) With load (0 000000) (1 3) With load (0 024646) 2) With load (0 010026) (0 2) Final (no load) osition (0 000000) (0 6) Figure sho ws 30 time-step samples of the force sensor output for eac of the load conditions describ ed ab e. As can seen from the �gure, there is considerable sensor noise, esp ecially in recording momen ts. Although designing con troller that can robustly erform eg insertions despite the large uncertain in sensory input is di�cult, our results indicate that con troller can learn robust eg insertion strategy Figure 1: 30 Time-step Samples Of The Sensed orces and Momen ts Under Di�eren Load Conditions. With An Ideal Sensor, The Readings ould Be Constan In Eac 30 Time-step In terv al. LEARNING PEG-IN-HOLE INSER TION Our approac to learning reactiv con trol strategy for eg insertion under un- certain is based on activ generation of complian eha vior using nonlinear mapping from sensed ositions and forces to osition commands. The con troller learns this mapping through rep eated attempts at eg insertion. The eg Insertion asks As depicted in Figure 2, oth 2D and 3D ersions of the eg insertion task ere attempted. In the 2D ersion of the task, the eg used as 50 mm long and 22 225 mm (7 in wide, while the hole as 23 8125 mm (15 16 in wide. Th us the clearance et een the eg and the hole as 79375 mm (1 32 in ). In the 3D ersion, the eg used as 30 mm long and mm in diameter, while the hole as 35 mm in diameter. Th us the clearance in the 3D case as 175 mm The Con troller The con troller as implemen ted as connectionist net ork that op erated in closed lo op with the rob ot so that it could learn reactiv con- trol strategy for erforming eg insertions. The net ork used in the 2D task had inputs, viz., the sensed ositions and forces, �) and ), three See also (Gullapalli et al., 1992). Figure 2: The 2D And 3D eg-in-hole Insertion asks. outputs forming the osition command x; ), and hidden la ers of 15 units eac h. or the 3D task, the net ork had 11 inputs, the sensed ositions and forces, and ), �v outputs forming the osition command x; ), and hidden la ers of 30 units eac h. In oth net orks, the hidden units used ere bac k-propagation units, while the output units used ere sto hastic real-v alued (SR V) reinforcemen learning units (Gullapalli, 1990). SR units use direct reinforcemen learning algorithm to �nd the est real-v alued output for eac input (see Gullapalli (1990) for details). The osition inputs to the net ork ere computed from the sensed join ositions using the forw ard kinematics equations for the Zero. The force and momen inputs ere those sensed the six-axis force sensor. PD serv lo op as used to serv the rob ot to the osition output the net ork at eac time step. raining Metho dology The con troller net ork as trained in sequence of trials, eac of whic started with the eg at random osition and orien tation with resp ect to the hole and ended either when the eg as successfully inserted in the hole, or when 100 time steps had elapsed. An insertion as termed successful when the eg as inserted to depth of 25 mm in to the hole. eac time step during training, the sensed eg osition and forces ere input to the net ork, and the computed con trol output as executed the rob ot, resulting in some motion of the eg. An ev aluation of the con troller’s erformance, ranging from to with denoting the est ossible ev aluation, as computed based on the new eg osition and the forces acting on the eg as max (0 01 osition error if all forces Kgf max (0 01 osition error max otherwise where max denotes the largest magnitude force comp onen t. Th us, the closer the sensed eg osition as to the desired osition with the eg inserted in the hole, the higher the ev aluation. Large sensed forces, ho ev er, reduced the ev aluation. Using this ev aluation, the net ork adjusted its eigh ts appropriately and the cycle as rep eated. PERF ORMANCE RESUL TS learning curv sho wing the �nal ev aluation er 500 consecutiv trials on the 2D task is sho wn in Figure (a). The �nal ev aluation lev els o� close to after ab out (a) (b) Figure 3: Smo othed Final Ev aluation Receiv ed And Smo othed Insertion Time (In Sim ulation Time Steps) ak en On Eac Of 500 Consecutiv rials On The 2D eg Insertion ask. The Smo othed Curv as Obtained By Filtering The Ra Data Using Mo ving-Av erage Windo Of 25 Consecutiv alues. 150 trials ecause after that amoun of training, the con troller is consisten tly able to erform successful insertions within 100 time steps. Ho ev er, erformance as measured insertion time con tin ues to impro e, as is indicated the learning curv in Figure (b), whic sho ws the time to insertion decreasing con tin uously er the 500 trials. These curv es indicate that the con troller ecomes progressiv ely more skil lful at eg insertion with training. Similar results ere obtained for the 3D task, although learning as slo er in this case. The erformance curv es for the 3D task are sho wn in Figure 4. DISCUSSION AND CONCLUSIONS The high degree of uncertain in the sensory feedbac from the Zebra Zero, cou- pled with the �ne motion con trol requiremen ts of eg-in-hole insertion mak the task under consideration an example of learning con trol under extreme uncertain The ositional uncertain in particular, is of the order of 10 to 50 times the clear- ance et een the eg and the hole and is primarily due to gear bac klash. There is also signi�can uncertain in the sensed forces and momen ts due to sensor noise. Our results indicate that direct reinforcemen learning can used to learn reac- tiv con trol strategy that orks robustly ev en in the presence of high degree of uncertain (a) (b) Figure 4: Smo othed Final Ev aluation Receiv ed And Smo othed Insertion Time (In Sim ulation Time Steps) ak en On Eac Of 800 Consecutiv rials On The 3D eg Insertion ask. The Smo othed Curv as Obtained By Filtering The Ra Data Using Mo ving-Av erage Windo Of 25 Consecutiv alues. Although others ha studied similar tasks, in most other ork on learning eg-in- hole insertion (e.g., Lee Kim, 1988) it is assumed that the ositional uncertain is ab out an order of magnitude less than the clearance. Moreo er, results are often presen ted using sim ulated eg-hole systems. Our results indicate that our approac orks ell with ph ysical system, despite the uc higher magnitudes of noise and consequen tly greater degree of uncertain inheren in dealing with ph ysical systems. urthermore, the success of the direct reinforcemen learning approac to training the con troller indicates that this approac can useful for automatically syn thesizing rob ot con trol strategies that satisfy constrain ts enco ded in the erformance ev aluations. Ac kno wledgemen ts This pap er has ene�ted from man useful discussions with Andrew Barto and Ro deric Grup en. ould also lik to thank Kamal Souccar for assisting with running the Zebra Zero. This material is based up on ork supp orted the Air orce O�ce of Scien ti�c Researc h, Bolling AFB, under Gran AF OSR-89-0526 and the National Science oundation under Gran ECS-8912623. References [1] H. Asada. eac hing and learning of compliance using neural nets: Represen ta- tion and generation of nonlinear compliance. In Pr dings of the 1990 IEEE International Confer enc on ob otics and utomation pages 1237{1244, 1990. [2] A. G. Barto and Anandan. attern recognizing sto hastic learning au- tomata. IEEE ansactions on Systems, Man, and Cyb ernetics 15:360{375, 1985. [3] A. G. Barto and V. Gullapalli. Neural Net orks and Adaptiv Con trol. In Rudomin, M. A. Arbib, and F. Cerv an tes-P erez, editors, Natur al and r- ti�cial Intel ligenc e. ese ar ch Notes in Neur al Computation Springer-V erlag: ashington. (in press). [4] M. E. Caine, T. Lozano-P erez, and W. Seering. Assem bly strategies for hamferless parts. In Pr dings of the IEEE International Confer enc on ob otics and utomation pages 472{477, Ma 1989. [5] B. R. Donald. Rob ot motion planning with uncertain in the geometric mo dels of the rob ot and en vironmen t: formal framew ork for error detection and reco ery In Pr dings of the IEEE International Confer enc on ob otics and utomation pages 1588{1593, 1986. [6] M. Erdmann. Using bac kpro jections for �ne motion planning with uncertain International Journal of ob otics ese ar ch 5(1):19{45, 1986. [7] S. J. Gordon. utomate assembly using fe atur lo alization PhD thesis, Massac usetts Institute of ec hnology MIT AI Lab oratory Cam bridge, MA, 1986. ec hnical Rep ort 932. [8] V. Gullapalli. sto hastic reinforcemen learning algorithm for learning real- alued functions. Neur al Networks 3:671{692, 1990. [9] V. Gullapalli. einfor ement arning and its applic ation to ontr ol PhD thesis, Univ ersit of Massac usetts, Amherst, MA 01003, 1992. [10] V. Gullapalli, R. A. Grup en, and A. G. Barto. Learning reactiv admittance con trol. In Pr dings of the 1992 IEEE International Confer enc on ob otics and utomation pages 1475{1480, Nice, rance, 1992. [11] R. E. Gusta vson. theory for the three-dimensional mating of hamfered cylindrical parts. Journal of Me chanisms, ansmissions, and utomate De- sign Decem er 1984. [12] S. Lee and M. H. Kim. Learning exp ert systems for rob ot �ne motion con trol. In H. E. Stephanou, A. Meystal, and J. Y. S. Luh, editors, Pr dings of the 1988 IEEE International Symp osium on Intel ligent Contr ol pages 534{544, Arlington, Virginia, USA, 1989. IEEE Computer So ciet Press: ashington. [13] T. Lozano-P erez, M. T. Mason, and R. H. ylor. Automatic syn thesis of �ne- motion strategies for rob ots. The International Journal of ob otics ese ar ch 3(1):3{24, Spring 1984. [14] D. E. Whitney Quasi-static assem bly of complian tly supp orted rigid parts. Journal of Dynamic Systems, Me asur ement, and Contr ol 104, Marc 1982. Also in ob ot Motion: Planning and Contr ol (Brady M., et al. eds.), MIT Press, Cam bridge, MA, 1982.