Stefan Schaal� and Dagmar Sternad�Department of Brain and Cognitive Sciences and the Artificial Intelligence Laboratory,MIT, 545 Technology Square, Cambridge, MA, 02139 (Email: sschaal@ai.mit.edu);�Center for the Ecological Study of Perception and Action, University of Connecticut, 406Babbidge Road, Storrs, CT, 06268In: Nadel, L., & Stein, D. (Eds.), 1992 Lectures in complex systems (pp.631-643).Redwood City, CA: Addison-Wesley.Learning of Passive Motor Control Strategies with Genetic Algorithms

Abstract:This study investigates learning passive motor control strate-gies. Passive control is understood as control without active error correction; themovement is stabilized by particular properties of the controlling dynamics. Weanalyze the task of juggling a ball on a racket. An approximation to the optimalsolution of the task is derived by means of optimization theory. In order tomodel the learning process, the problem is coded for a genetic algorithm in rep-resentations without sensory or with sensory information. For all representationsthe genetic algorithm is able to find passive control strategies, but learning speedand the quality of the outcome are significantly different. A comparison withdata from human subjects shows that humans seem to apply yet different move-ment strategies to the ones proposed. For the feedback representation some im-plications arise for learning from demonstration.1.Introduction

Despite all advances in research on human motor coordination and motor learning, littleunderstanding has been gained so far how these skills are accomplished. From the per-spective of control theory5, two major control approaches are distinguished. Closed loopcontrol requires continuous sensing of the current state of the system; if the planned statediffers from the actually achieved one, a modification of the next actuator commandcompensates for this error. In open loop control, on the other hand, the spatio-temporalsequence of actuator commands is determined before the movement starts and then exe-cuted to plan. Since no feedback is provided, there is no possibility of error correction.While closed loop control can be considered (re-)active control, open loop control is es-sentially passive.The central nervous system (CNS) possesses two control circuits with resemblingproperties. On the spinal level, a short feedback loop takes care of fast movement regula-tion. Although feedback is involved, this control receives no input of cortical areas and,in a figurative sense, can be considered passive. In addition to this low level regulation,higher brain areas may influence the low level circuitry at any time via long feedbackloops through the cortical motor centers.Passive control is appealing because of its low computational load during move-ment. One could imagine that for movement initiation a �control package� were delivered

2S. Schaal and D. Sternadto the spinal level which triggers an autonomous control circuit to sustain the movementafterwards. The higher brain functions would be free for other tasks and only check forcorrectness and stability of the movement at discrete events. Some evidence for the bio-logical plausibility of such control procedures has been shown in the work about centralpattern generators6.We investigate the cyclic movement of juggling a ball on a paddle to find outwhether some form of passive control can be learned. An approximation of the optimalsolution of the task in section 2 provides an evaluation criterion for a series of learningexperiments with genetic algorithms presented in section 3. Section 4 discusses the resultsof the experiments and compares them to empirical data from human subjects.2.Analysis of Paddle Juggling

w

x^B

, œx _B

x_P, œx _P œx _k x_k k u_k

t_k t_{k+1}

time

(a)(b)FIGURE 1 (a) Sketch of the paddle juggling setup; (b) notation for the discretizationFigure 1 displays the setup and notation of paddle juggling. The ball bounces on the pad

dle under gravity, and the movement of the paddle tries to sustain a regular bouncing mo tion. A coefficient of restitution

α ∈ 0,1[ ]

models the elastic ball-paddle impact. The sys-tem can be discretized with a Poincar� section

Σ = xB,xP

( )∈ ℜ 4|xB − xP = 0 { }

. Withthe notation of Figure 1b, where

(ẋk )

denotes ball velocity and

(xk )

ball position im mediately before the impact where the paddle velocity is

(wk )

, and where

(uk )

denotesthe vertical position shift between consecutive impacts, the discrete system equations are:

ẋk+1 = − 1+α( )wk − α ẋk ( )2 − 2guk , xk+1 = xk +uk, tk+1 = 1g 1+α( )wk − α ẋk ( )+ ẋk+1 ( ).

(1)Paddle juggling was investigated by several groups in recent years. For the vibrat ing paddle (high oscillation frequency with small amplitude) it could be shown analyti-cally and experimentally that the system exhibits period bifurcations, strange attractors,

and chaos-like motion

. Systems which had to control and learn this task (at a moderatejuggling frequency) were examined in robotics1,2,8,9. Depending on the control algo-rithm, the execution of this task does not necessarily need feedback: driving the paddlewith a sinusoidal motion results in a dynamic system which has a trapping region andexhibits stable bouncing patterns under certain parameter settings,2.1 Paddle Juggling as an Optimization ProblemPaddle juggling can be formulated as an optimization problem. For these calculations itwill be assumed that the setpoint, at which the ball shall be juggled, is a given impactstate

xs = (ẋs,xs )T

, whose setpoint controls

us = (ws,us )

result implicitly from a peri odic paddle trajectory

(xP (t))

. The setpoint is entirely determined by one parameter ofthe juggling motion, which can be either the period

(τ )

, the maximal ball height

(h)

, orthe impact velocity

(ẋS)

. In this regulator problem, the task of the controller is to keepthe system at the setpoint. If a perturbation displaces the ball from its setpoint, it has to beguided back. By modeling the paddle motion as an rth-order Fourier series:

xP (t) = a02 + ar cos(rωt)+ br sin(rωt) i=1r∑

(2)a multistage optimization problem

is formed, subject to minimizing the cost function:

J = ϕ (xn,p)+ L(k=0n− 1∑ xk ) , where ϕ (xn,p) = (xn − xs )T Φ (xn − xs )+c 12 (iω)6(ai2 + bi2 ), i=1r∑ L(xk ) = (xk − xs )T Q (xk − xs )T, ω = 2πτ .

(3)

(xk )

denotes the ball state vector at stage

(k)

and the matrices

(Φ ,Q,R)

are weight ma trices. The last term of the equation for terminal cost

(ϕ )

in (3) represents a so-called jerkterm and is weighted by the factor

(c)

. Jerk denotes the third derivative

(˙˙ẋP )

of paddleposition with respect to time, imposing a biologically motivated smoothness constraint onthe paddle acceleration

. Without this term in the cost function, any optimization wouldminimize deviations from the setpoint with unrealistically sharp movements. In sum, theformalism of (3) tries to guide the perturbed ball smoothly back to the setpoint in an n-stage sequence: given the initial conditions of the perturbed ball

xk=0 = (ẋ0,x0 )T

, theFourier coefficients

p = (a0,a1,… ,ar ,b1,b2,… ,br )T

are to be calculated such that Eq. (3)is minimized. Note that

(uk )

and

(wk )

are not present in (3), meaning that the paddle tra jectory is independent of the ball motion; stability can only come from an appropriatechoice of the Fourier coefficients. The system is thus passively controlled.The numerical solution of (3) was obtained with the gradient method of dynamicprogramming

. The optimization was done for a 10-stage task, a fifth-order Fourier se ries, and a coefficient of restitution

α = 0.7

. Initial conditions yielded:

S. Schaal and D. Sternad

ẋ0 ∈ − 0.12 ẋS,+0.12 ẋS [ ] x0 such that tinit ∈ − 0.12 τ ,+0.12 τ

[ ], where tinit = τ − t0

(4)and the weight matrices

(Φ ,Q)

were chosen according to a common heuristic:

Q = 1100 Φ = 1/ ẋmax2 0

0 1 / xmax2

(5)The values

(ẋmax,xmax )

correspond to the maximal ranges of the intervals in Eq. (4). Arelatively large weight of

(Φ )

makes sure that the ball comes back to the setpoint. Amoderate choice of

(c)

in Eq. (3), in order to make the penalty of jerk terms to beroughly one forth of the total cost, resulted in a paddle motion which was close to a sinu-soid but still had some power in the higher harmonics. Figure 2 shows one result in com parison with a sine function in state space. Linear stability analysis of Eq.(1) modified byEq.(2) holds that for stable juggling the ball must be hit in the first quadrant of Figure 2. -1

-0.5

0

0.5

1

-0.1 -0.05 0 0.05 0.1 velocity x

p

[m/s]

position x

p

[m] pure sinusoid

5th order Fourier series

.

Setpoint

τ = 0.57sec

3.Learning Experiments with Genetic Algorithms

found.vided into a

(τ )

lows to stretch the movement in the spatial dimension, the period value is the correspond-ing temporal stretch factor. x^P τ FIGURE 3 Discretized representation of periodic paddle movement for genetic algorithmThe performance (or fitness) of a paddle trajectory is determined by:

J = 10.0 j +5 σ hh +5 σ pτ b + 0.8 ττ b

(6)

(j)(σ h,σ p )

the standard deviation of maximal

(h,τ b )

(τ b )(τ )(τ ). The cost function

pe-nalizes jerk, irregular juggling height, irregular bouncing period, and, with the last term in

(τ )

. By taking the inversemization taskin accordance with the usual GA formulation.

xP(desired)

this trajectory with re

ẋP(desired) for PD control at each

–0.5m, the maximal acceleration of the paddle was restricted to 60m/s^2, the paddle masswas 0.5kg, and the ball�s coefficient of restitution was

α = 0.7

. The position and velocitygain was set to a constant value of

KP = 200

and

KV = 20

. At the start of the simulation,periods, the statisexperi

Pmut = 0.01

per S. Schaal and D. Sternad

Pcross = 0.8

spring reproduction mechanism allowing at most 5 offspring for the best genome.3.1. Representation without Perception

gorithm developed. -1 -0.500.51

-0.1 -0.05 0 0.05 0.1 velocity xp [m/s] position xp [m]

Result GA approx. optimal

. Setpoint

-1 -0.500.51

-0.1 -0.05 0 0.05 0.1 velocity xp [m/s] position xp [m]

Result GA approx. optimal

. Setpoint

(a)(b)FIGURE 4 Outcome of learning without feedback: (a) best result of absolute coding(J=3.8); (b) best result of relative coding (J=4.2) sive periods after the transient time had elapsed. To enable an assessment of the solutions,

(τ b )

does not change the results. The ideal paddle trajectory in phase space should be a smooth enough. This is rather pronounced in the solution of the absolute coding (Figure 4a). Sucha juggling pattern would be vulnerable to perturbations.

priately. The fitness.3.2. Representation with Visual Perception tion the passively stable control strategy of the other experiments can still be found. -1

-0.5

0

0.5

1

-0.1 -0.05 0 0.05 0.1 velocity x_p [m/s]

position x_p [m]

Result GA

approx. optimal

Setpoint

. FIGURE 6

(x_B)

velocity

(ẋ^B)

, and the ball�s rela

(xR)

can be perceived. These sired paddle position and the next desired paddle velocity:

ẋP^{k+1} = (c11ẋB^k +c12xB^k +c13xR^k )⋅s xP^{k+1} = (c21ẋB^k +c22xB^k +c23xR^k )⋅s

(7) S. Schaal and D. Sternad

(cij )

(s)longer essential.tion comes very close to representation. Within 10 to 30 generations very good trajectories were accomplished.4.Discussion

of solutions, in particular, whether a passive control strategy could be found.4.1. Simulation Resultsregime. However, learning speed and the quality of the outcome differed substantially be

ness of representative runs as a function of the number of generations. The relatively poor

genomes; it is difficult to smoothly integrate it into the already existing genes. In sum, if agenome shall represent a smooth function, relative coding seems to be of advantage. 0

1

2

3

4

5

1 10 100 1000

Fitness

Generations with feedback relative position

absolute position with feedback/seeded

FIGURE 7 Comparison of learning speed of the three different representationthe compara sithe attention humans devote to a task in the learning and in the skilled stage.4.2. Comparison with Human Juggling qualitative comparison.

10S. Schaal and D. Sternad quate.

-1

-0.5

0

0.5

1

-0.1 -0.05 0 0.05 0.1 velocity x_p [m/s]

position x_p [m]

Human Subject

approx. optimal

Result feedback GA

Setpoints

-1

-0.5

0

0.5

1

-0.1 -0.05 0 0.05 0.1 velocity x_p [m/s]

Human Subject

Result seeded feedback GA

Setpoints

.

FIGURE 8 Comparison of results with data from human subjectAn intriguing advantage of human motor learning over machine learning is due the between perdom variations increasing.

11propriate representhat should be learned.Acknowledgments awarded to Christopher G. Atkeson, MIT.References

1.Aboaf, E.W.; Drucker, S.M.; Atkeson, C.G.: Task-Level Robot Learing: Jugglinga Tennis Ball More Accurately. Proceedings of IEEE Interational Conference onRobotics and Automation, May 14-19, Scottsdale, Arizona (1989).2.B�hler, M.: Robotic Tasks with Intermittent Dynamics. Dissertation at YaleUniversity (1990).3.Dyer, P.; McReynolds, S.R.: The Computation and Theory of Opitmal Control

New York: Academic Press (1970).4.Flash, T.; Hogan, N. : The Coordination of Arm Movements: An ExperimentallyConfirmed Mathematical Model. The Journal of Neurosience, vol.5, no.7,pp.1688-1703 (1985).5.Friedland, B. : Control System Design: An Introduction to State-Space Methods

New York: McGraw-Hill (1986).6.Getting, P.A. : Comparative Analysis of Invertebrate Central Pattern Generators.Neural Control of Rhythmic Movements in Vertebrates, Cohon, H.; Rossignol, S.;Grillner, S.T. (eds). New York: Wiley ( 1988).7.Guggenheimer, J.; Holmes, P.: Nonlinear Oscillations, Dynamical Systems, andBifurcations of Vector Fields. New York: Springer (1983).8.Rizzi, A.A.; Koditschek, D.E. : Progress in Spacial Robot Juggling. Proceedingsof IEEE International Conference on Robotics and Automation, Nice, France(1992).9.Schaal, S.; Atkeson, C.G.; Botros, S. : What Should Be Learned?. In: Proceedingsof Seventh Yale Workshop on Adaptive and Learning Systems, pp.199-204 (1992).