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Abstract

Table lookup with interpolation is used for many learn-
ing and adaptation tasks. Redundant mappings capture
the important concept of \motor skill" in real, behaving
systems. Few robot skill implementations have dealt with
redundant mappings, in which the space to be searched to
create the table has much higher dimensionality than the
table. A practical method for inverting redundant map-
pings is important in physical systems with limited time
for trials. We present the \Guided table Fill In" algo-
rithm, which uses data already stored in the table to guide
search through the space of potential table entries. The
algorithm is illustrated and tested on a skill learning task
using a robot with a exible link. Our experiments show
that the ability to search high dimensional action spaces
e�ciently allows skill learners to �nd new behaviors that
are qualitatively di�erent from what they were presented
or what the system designer may have expected. Thus the
use of this technique can allow researchers to seek higher
dimensional action spaces for their systems rather than
constraining their search space at the risk of excluding
the best actions. We also present a model for the robot
arm, exible link dynamics, and release mechanism of our
robot. Our experiments suggest that the use of even a
crude simulation model can be helpful for learning on the
real robot.

1 Introduction

Memory-based models such as table lookup with inter-
polation have been used for many robotic learning tasks
[Raibert 77, Atkeson 88, Atkeson 91, Mukerjee & Ballard
85, Moore 90, Moore 91]. The block diagram for a general
learning task, and a speci�c task example (throwing a ball)
are shown in Fig. 1. A table residing in the box marked
\Skill" holds values for a mapping from a task parameter
space to a plant command space. The plant command
space is all possible vectors that could be stored in the ta-
ble. The task parameters are used to index into the table.
In our 1-d throwing task, the plant command space is the
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Figure 1: Skill learning system and 1d throwing task

set of possible joint velocity sequences that can be sent to
the robot controller and the single task parameter is the
distance the ball travels.
We assume that our learning system operates in two

modes: training and operational. It may train �rst and
then remain in operational mode, or it may switch be-
tween the two frequently. In either case our goal is one
of optimization: to minimize the amount of time required
in training to attain a certain performance level in opera-
tion, or to maximize the performance level given a certain
amount of training time. Performance may be measured
with respect to accuracy, range of operation achieved, or
a control e�ort metric.
Often, memory-based learning systems have relied on

random search to �ll in the table with the necessary infor-
mation. This works when: the action space is inherently
the same size as the task result space, the system designer
has explicitly constrained the action space to be of mod-
erate size using partial task models, or despite the size of
the action space the system is interested in learning the
results of all possible actions. Robot kinematic and dy-
namic learning systems often fall into the �rst and/or last
categories. Skill learning systems often fall into the second
category. In these kinds of system con�gurations random
search is acceptable. Moore [Moore 90] considered tasks
whose action space is of moderate size, but whose desir-
able actions make up a small portion of the space. He
proposed an e�cient search strategy for these tasks.
We consider tasks whose space of task parameters has

low dimensionality (a small table), but whose space of
plant commands has high dimensionality (large vectors
stored in the table slots). Tasks of this type arise with

1



open-loop control or planning, when an entire sequence of
actions is derived from a single current state or goal. Each
action in the sequence makes up a dimension of the space
of possible action sequences, and di�erent sequences can
achieve the goal at di�erent costs: there is redundancy
in the mapping. Discrete closed-loop control avoids high-
dimensional action spaces by choosing a single action at
each time step. Three reasons for open-loop control are:
1) the action is fast with respect to sensor or control time
constants. This problem could also be addressed by in-
creasing sensing, computation, and control bandwidth. 2)
there is a lack of sensors or controls for state during the
task (e.g. during the ight of a thrown ball). 3) de-
lay, which can destabilize a feedback system [Brown &
Coombs 91]. The \Guided Fill In" algorithm given here
addresses the problem of high-dimensional search to �ll
a small table. We test the algorithm with an open-loop
robot throwing task both in simulation and on a real sys-
tem.

In addition to standard table lookup methods, local
function approximation methods like Kohonen maps [Rit-
ter et al. 92], CMACs [Albus 75, Miller et al. 89], radial
basis functions [Poggio & Girosi 89], and back propaga-
tion neural networks [Rumelhart et al. 86] store, retrieve,
and interpolate between given data points. [Mel 90] com-
bines a neural network approach with a depth �rst search
of possible reaching strategies. Each method develops an
e�cient representation once a suitable set of input-output
pairs has been found. However, none of these addresses
the problem of e�ciently obtaining the data to be learned.
Often, the method is to let the system execute random
plant commands and observe the results, which works well
when the space of possible plant commands is not unrea-
sonably large.

There is other work that attempts to perform the types
of robot skills used to test the \Guided Fill In" algorithm.
The use of global function approximation methods for
robot skill learning was reported in [Schneider & Brown
93]. Work on throwing and juggling is reported in [Schaal
& Atkeson 93, Rizzi 92]. In contrast to our work the task
is usually constrained to remove redundancy or accurate
models are used to approximate the desired mapping.

2 Guided Table Fill In

The Guided table Fill In algorithm is a modi�cation of
the SAB controller in Moore's thesis [Moore 90]. He was
concerned with the e�cient search of action spaces, but
did not speci�cally address the issue of inverting a redun-
dant action to task result mapping. Because of time con-
straints in real systems, it is often impractical to search

Fields of a Table Entry
p
act
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eff
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good

action task results control e�ort goodness value

Table 1: Table entry for skill learning

the entire plant command space. Therefore, skills with
redundant mappings have an increased need for search ef-
�ciency during training.

The unique inversion of a redundant mapping from
some m-space of plant commands to an n-space of task
parameters (m > n) requires a penalty function to opti-
mize. For example, our 1-d ball throwing robot has two
joints controlled via a sequence of six joint velocity set-
tings (m = 12, n = 1). The penalty function measures
the accuracy of the throw and the control e�ort (sum of
squared joint accelerations). The goal of the system is to
�nd the n-subspace of the plant command space that opti-
mally maps onto the n-dimensional task parameter space.

The result of each system execution is stored in a table.
The �elds of each entry are listed in Table 1. P act is the
action sequence tried and pres the result in task space.
P eff is a measure of the control e�ort required by the
action sequence. P good is a goodness value for the entry
(its computation is described below).

Guided table Fill In is summarized in Fig. 2. In the
�rst step existing models or teachers can determine points
from the plant command space to become the �rst entries
into the table. Random choice is a worst case, but pos-
sible. There are two parts to a table entry's evaluation.
First (done only once): given a point in plant command
space, the system executes the corresponding action (pact)
and observes the output (pres) and its control e�ort value
(peff ). The task output parameters determine where the
point is recorded in the table. Second (executed once each
iteration): compare each point against its neighbors in the
table (nearest points in the output space). A point's good-
ness (pgood) is the percentage of neighbors whose e�ort
value is worse than its own.

Step 3 randomly chooses a goal from part of the task
space. There are several ways the desired portion of the
task space may be speci�ed (discussed later). Step 4 gen-
erates candidate actions to accomplish the goal task result.
Some of the actions are generated by local random modi-
�cations to existing \good" points. The table is searched
for the entry that best accomplishes the desired goal con-
sidering both accuracy and control e�ort. The action for
that entry is altered with small random changes. Several
alterations are done to produce a set of candidate actions.

Moore advocates generating some actions from a uni-



Guided Table Fill In Algorithm

1. Initialize table using approximate task model,
teacher, or random choice.

2. Evaluate each point in memory according to its con-
trol e�ort. Assign a \goodness" value based on a com-
parison of a point's control e�ort value to its neigh-
bors'

3. Randomly choose goal from desired portion of task
parameter space.

4. Generate candidates fromplant commandspace using
these methods:

� Find the table entry whose penalty function is
lowest for the desired goal (considering accu-
racy of task result and control e�ort). Make
randommodi�cations to the action sequence of
that entry.

� For a n-d task space choose n+ 1 \good" sam-
ples from the table and interpolate or extrapo-
late to produce an action for the new goal.

5. Evaluate the probability of success for each of the
candidate points.

6. Execute the actionwith the highest probabilityof suc-
cess and store the results in the table (Optionally,
readjust the desired range of performance). Goto 2.

Figure 2: See text for a detailed explanation

form distribution over the entire space of actions. The
purpose of these candidates is to keep the learner from
converging to local minima. Experiments with redundant
mappings showed that these candidates were not useful.
The probability of a random action in a high dimensional
space being useful proved to be too small. However, it is
still necessary to generate candidate actions far from the
existing set of actions in the table. This is done by using
linear combinations of existing \good" points in the table.
Several sets of points are chosen randomly with the \best"
points having a higher probability of being chosen. Inter-
polation or extrapolation is done from the chosen points to
generate new actions. These actions may be in completely
unexplored regions of the action space, but are likely to
be more useful than completely random actions because
of the way they are generated.

Step 5 evaluates the probability of success as Moore
suggests. For each candidate action, pact, the table en-
try whose action, pactnear, is nearest the candidate action is
determined and used to estimate this probability. When
several task result dimensions are considered, a probabil-
ity is computed for each dimension and the product of
them is the probability for the whole task result. When
considering redundant mappings, reducing control e�ort
is also a goal. Therefore, a goal e�ort is selected (usually

a constant, unattainable, low value) and control e�ort is
considered to be another dimension in the above compu-
tation. Finally, the candidate with the highest probability
of success is executed at step 6. The results of the exe-
cution are recorded and a new table entry is made. Steps
2-6 are iterated during the training process.

3 Experiments on Learning with-

out a Model

Since the Guided Fill In algorithm does not require a
model, our �rst experiments involved learning to throw
a ball accurately without one. The skill goal is a vector
describing the position of a target and its output is se-
quences of joint velocities for a throwing robot. Here, the
robot is the controlled plant and the forces a�ecting the
ball's ight after it leaves the robot make up the uncon-
trolled plant. Skills are called n-dimensional where n is
the number of parameters in the output space of the task:
thus a 2-d throwing task has a target lying in a plane,
such as the oor.
Experiments were done with 1-d and 2-d throwing tasks.

For the 1-d task the robot consists of two joints in a ver-
tical plane (Fig. 1). The control signal is a sequence of
joint velocities to be executed over 6 time steps (also called
a trajectory), thus making a total of 12 input command
parameters. The single output dimension is the distance
the ball lands from the base of the robot. In the terms of
table lookup, a 12-d space must be searched to �ll in a 1-d
table. The 2-d throwing task is done with a three joint
robot con�gured like the �rst 3 joints of a PUMA 760; a
rotating base is added to the 1-d thrower. The additional
joint yields an 18-d search space. The two task parame-
ter dimensions are the cartesian coordinates of the ball's
landing position on the oor.
The penalty function includes the approximate amount

of energy required to execute the throwing trajectories
(sum of squared joint accelerations) and the average task
output error. The approximate energy measure has a sec-
ond purpose. Robots have limits on their joint velocities
and the metric prefers trajectories that stay away from
those limits. The average value of the penalty function
over the task parameter space will be referred to as the
performance and the two terms will be referred to sepa-
rately as error and e�ort.

3.1 Rigid Simulation

The results of skill learning on a simulated rigid robot
thrower (as in 1) are summarized in Table 3.1 and de-
scribed in detail in [Schneider 93, Schneider 94]. The sum-



Task Opt. GFI RFI RFI tries
value 200 tries 200 tries to catch up

1d 2.5k 24.4 55.0 267.6 over 100k
1d 5k 164.6 254.4 817.7 10k
1d 10k 467.1 1072.3 2443.8 10k
2d 2.5,1.2k 39.2 155.5 1246.9 over 100k

Table 2: Summary of rigid simulation results: The task
description lists the dimensionality and range of distances
desired. The optimal is numerically estimated. GFI is
the performance of the new algorithm after 200 itera-
tions using automatic range expansion when it produces
improved results. RFI is from traditional table lookup
with random trials. The last column indicates how many
additional trials RFI needs to equal GFI's performance
after 200.

mary compares a random algorithm for choosing practice
trials to �ll in the lookup table (RFI) with the Guided
Fill In algorithm (GFI). This simulation has the advan-
tage that it is possible to compute the optimal throws
numerically. It is also a fast simulation because no expen-
sive dynamics computations are necessary. This allows us
to run many trials quickly.
Results with the Automatic Range Expansion method

are not shown explicitly in table. Step 3 of GFI calls for
the selection of a goal. Automatic Range Expansion is
a method that selects goals based on the robot's current
level of performance. It only attempts long throws that
are slightly outside the robot's current capabilities. This
allows the system to learn the \easy" (or short) throws
�rst and gives some performance bene�ts. Automatic
Range Expansion is also useful when the possible range
of performance is not known a priori and the learner will
be expected to maximize its capability.

3.2 PUMA with a Flexible Link

The Guided Fill In algorithm was tested on a PUMA 760
with a exible link attached (a metal meter stick). At the
end of the meter stick a plastic cup is attached to hold a
tennis ball for throwing experiments. The release point of
the ball is not directly controlled. It comes out whenever
it is moving faster than the cup. A CCD camera watches
the landing area and determines where the ball lands with
respect to the base of the robot. Most of the parameters of
the experiment were set the same as the rigid 1-d throwing
done in simulation. Two joints of the robot are controlled
by specifying joint velocities over six 200 ms time steps.
The low-level controller, RCCL, interpolates to produce a
smooth velocity pro�le. As in the simulation, the e�ort
function prefers trajectories that are far from the robot's
physical limits.

The GFI algorithm was given three sample actions that
resulted in throws ranging from 143 cm to 164 cm. Au-
tomatic range expansion was used because that option
performed the best for 1-d throwing in simulation and be-
cause it was not possible to determine the robot's range
of capability beforehand. After 100 iterations the robot
had learned to throw accurately out to a range of 272 cm
(a comparison execution of Moore's algorithm attained
a maximum distance of 211 cm). Its accuracy is good
enough that it consistently hits a 2 cm screw placed up-
right anywhere within its learned range of performance.
The same cameras that watch the landing position of the
ball during learning locate the target during performance
mode.

The most interesting result of the learning was the type
of action found to produce long throws. The three sam-
ple actions smoothly accelerate both joints forward. It
seems reasonable that longer throws can be obtained by
accelerating more quickly. The learning algorithm tried
this and it worked up to a distance of approximately 210
cm (this is also what Moore's algorithm did). It was un-
able to produce longer throws with that type of velocity
pro�le, though, because of the joint velocity limits on the
PUMA. It �nally learned to do the following \whipping"
motion (shown in �g. 3): The joints are moved forward
to ex the meter stick. Then the robot reverses the direc-
tion of its joints so that the stick is pushed forward past
its at state. Just as the stick begins to fall back again,
the joints accelerate forward. This causes a large bend in
the stick. Finally, the uncoiling of the stick combines with
the large forward acceleration of the robot to produce a
much higher ball release velocity than could be achieved
by simple accelerating the joints forward.

The signi�cant aspect of the long throws that are
learned is that they are qualitatively di�erent from any
given to the system at the start. The sequence of events
that led to the robot trying the action in Fig. 3 illustrates
the GFI algorithm at its best. At iteration 15 the system
was shooting for a goal of less than 200 cm (within its
current range of operation). It chose an action created as
a local random modi�cation in step 3. That action had a
signi�cantly lower velocity at time step 2 for joint 3. The
result was a throw for a distance of 164 cm with consider-
ably lower control e�ort than any previous action for that
distance. Later, at iteration 30, a similar thing happened
with time step 3 of joint 5. The result was a low e�ort
throw of 176 cm. Following that, the algorithm chose sev-
eral actions that were generated by linear combinations of
these unique actions. Large extrapolations from the new
points created velocity pro�les with the \whipping" mo-
tion shown in �g. 3. The penalty function, small random
modi�cations, and extrapolation all worked together to



�nd new, useful actions in unexplored portions of a high
dimensional space without having to resort to brute force
search.

4 PUMA Simulations

We have begun the dynamic modeling necessary to sim-
ulate the ball-throwing robot, with a view to replacing
most of the actual robot cycles with simulated robot cy-
cles. This would make the learning process faster and
cheaper. We have not completed this e�ort as yet, but we
have made su�cient progress that it seems appropriate
to report the preliminary results here. There are two as-
pects of the simulation that make it nontrivial. The �rst is
the large displacement deformation exhibited by the meter
stick; the second is the lack of a formal release mechanism
for the ball. We will discuss these two questions in turn.

4.1 Implementation

The meter stick clearly deects beyond the range of linear
beam theory, as can be seen in �g. 3 taken from an actual
experiment. We suppose the deformation to be that of
a dynamic elastica (large deformation, small strain) and
have adopted the segmented model of Gans [Gans 1992],
according to which the meter stick can be modeled by a
set of rigid elements connected by linear torsional springs
with spring constant NEI=L. N denotes the number of
segments, E Young's modulus, I the section moment (so
that EI represents the bending rigidity) and L is the e�ec-
tive cantilevered length of the meter stick (taken to be 90
cm). The model takes the form of 2N �rst order nonlinear
ordinary di�erential equations in time:
Aij

_�j = bi + fi
_�i = �i

where the coupling matrix A and the vector b are func-
tions of the segment angles �i and their derivatives �i,
and the vector f denotes whatever inhomogeneous forc-
ing is driving the system. The Lagrangian of this discrete
model converges formally to the Lagrangian of the contin-
uous elastica in the limit that N !1, and tests of small
oscillation frequency and buckling behavior show that the
model is quite good for a relatively small number of seg-
ments.
We adopt N = 3 for our simulation studies, and we

make some additional modi�cations. We suppose the me-
ter stick to be rigidly attached to the end of the robot
arm and the arm to have su�cient torque to drive what-
ever motions we desire. This compound hypothesis means
that we can set fi = 0 for all i and impose the motion of
the �rst segment directly from the robot motion. This re-

duces the 6 dimensional system needed for a three segment
beam to a four dimensional system by elimination of one
� equation and one � equation. We further introduce a
small dissipation to account for imperfect elasticity. This
is done through a Rayleigh dissipation function in the La-
grangian, and the dissipation parameter is chosen to be
proportional to N by analogy to the rigorous requirement
for the spring constants. The magnitude of the dissipa-
tion is the only adjustable parameter in our current model.
It is determinable in principle from measurements of the
decay of free oscillations of our meter stick.
The ball is considered separately. We reduce it to a

fourth order system of the form:
m�x = f

m�y = g

where the scalar force components f and g depend on
gravity (possibly air resistance, omitted at this stage of
our work) and any contact forces from the meter stick.
We will discuss the nature of these forces, and the result-
ing criteria for ying and recapture shortly. We convert
this pair of second order equations to a set of four �rst
order equations, and we add them to the set governing
the motion of the meter stick to obtain a coupled eighth
order system. We integrate this system in time using the
adaptive fourth (�fth) order Runge-Kutta scheme given
in [Press et al. 1992]. We typically integrate adaptively
over 100 identical subintervals so that we can accumulate
simulated data at �xed, repeatable intervals of time. The
simulated data presented below use a 2 second overall in-
terval with subintervals of 20 ms. We will describe the
complete algorithm shortly.
With this model the simulation seems to be somewhat

less "whippy" than the real robot thrower. We do not
have actual measurements of the motion of the real me-
ter stick, so this di�erence cannot be quanti�ed. Some
of the di�erence must be attributable to the apparent ex-
treme crudeness of the simulation model, however some
is also attributable to the connection between the meter
stick and the robot. Assumed rigid in the simulation, it
is actually e�ected by bolting the stick to a rubber block
that is in turn bolted to the robot. This additional degree
of freedom surely contributes to larger exion of the meter
stick with respect to the robot.

To calculate a simulated throw we need to add a release
criterion to the simulation. As we noted above, the exper-
iment has no formal release mechanism: when the ball's
momentum carries it out of the cup, it ies. A careful ex-
amination of frames 1-4 of the video (�g. 3) suggests that
the ball leaves the cup more than once, being recaptured
before it can escape. This phenomenon is indeed observed
in the laboratory, and is reproduced in simulation. We
simulate the action of this cup by resetting the ball if it



\passes through the bottom of the cup" when it is ying.
The complete algorithm is as follows: We perform a sim-

ple Newton- Raphson iteration on the steady equations of
motion to determine the initial "sag" of the beam. This
typically converges in two steps. We then start an adap-
tive Runge-Kutta routine assuming the ball to be attached
to the meter stick. At the end of each adaptive step, we
check the contact force. If it is such that it must "pull"
on the ball to keep it in contact with the meter stick we
assume the ball to be ying for the next step. We remove
the weight of the ball from the end of the stick, and we let
the ball's position evolve ballistically. At the end of each
ying step, we check the position of the ball. If it inter-
sects the cup, we suppose it to have been recaptured, and
set its position and velocity to that of the end of the meter
stick for the next iteration. (We also check whether it has
hit any of the other segments of the meter stick, but this
does not happen in practice.) The recapture mechanism
is crude, but seems to perform reasonably.

4.2 Performance of the PUMA Model

For the sequence shown in �g. 3, the simulation gave a
throw distance of 247 cm, compared to the actual throw
of 281 cm. The �nal release time in the simulation is later
than that in the experiment. We believe the di�erence
in throwing distance stems from: 1. the poor modeling
of the meter stick-robot attachment, 2. the crude recap-
ture mechanism, 3. the crudeness of the three segment
approximation, and (perhaps) 4. an incorrect value for
the damping constant.
Some comments regarding the e�ects of damping and

release-recapture mechanisms are in order. We looked at
both e�ects by suppressing the natural release-recapture
model described above, and calculating the maximumpos-
sible throw for a given motion by controlling the release
time independently. (We calculated the ballistic trajec-
tory for release at the end of each time step and saved
the longest. Release for the longest trajectory was typi-
cally very near the end of the robot motion, about 1043 ms
from the start of the 1200 ms motion.) The longest throws
were computed over a range of values for the damping pa-
rameter. These maximum simulated throws are all less
than the corresponding real throw, leading us to believe
that the major contribution to the discrepancy between
simulation and experiment lies in the modeling of the at-
tachment of the meter stick to the robot.
We believe that the fundamental problems of simulation

have been solved for the exible-meter stick ball-throwing
robot, but that considerable work remains to be done on
the details. In our case the experimental aspects of the
work were completed before the simulation work was be-

gun. A close working relation between the two aspects of
the problem would allow a more accurate simulation of
the problem.

4.3 Use of the Model for Learning

The ball thrower model as described above is not accurate
enough to be directly applied to the skill learning prob-
lem. We believe it can be used in an iterative method
that improves the model while learning without requiring
a prohibitively large number of real robot executions. We
propose the following algorithm (it is similar to the idea of
combining real and \mental" practice as seen in [Sutton
90], for example):

1. Perform some learning trials on the real robot.

2. Use the results of these trials to improve the model
of the robot.

3. Perform some learning trials in simulation.

4. Choose the best new trajectories discovered in simu-
lation and execute them on the real robot.

5. Repeat.

Initial tests for this alorithm on the ball throwing robot
look promising. We started with the 100 trial learning run
on our PUMA described previously. Five throws from
that set were chosen to calibrate the simulation model.
The original model performed those throws with an aver-
age error of 33 cm. The model was best able to reproduce
those throws accurately (as de�ned by a squared error cri-
terion) by reducing the force of gravity by 50%, reducing
the weight of the ball by 20% and speeding up time by
10%. These parameter settings brought the average dis-
tance error down to 10 cm. Unfortunately, changing the
parameters by that much takes away their real, physical
meaning. In general, it is preferable to improve the model
and retain the meaning of the parameters.
The 100 trials on the PUMA took about 45 minutes

to execute. In simulation, we did 2000 trials in about
45 minutes on a SPARC 10 (note that use of GFI is still
important because time still limits the number of trials we
perform). From those 2000, we selected the best 25 throws
and tried them on the PUMA. In that set we found several
throws that went up to 8 cm farther than our previous
maximum. We also found throws for medium distances
that reduced the necessary control e�ort by as much as
40% for those distances. Finally, we noticed that throws
whose motion di�ered signi�cantly from any of the throws
used to calibrate the model were not well predicted by
the model. Executing the throws on the real robot almost



always yielded a signi�cantly shorter distance than the
model predicted. Our conclusion is that the simulation
can perfect throwing motions it is given, but is unlikely to
�nd qualitatively di�erent throws that actually work on
the real robot.

The inaccuracy of the model in regions of the action
space where it was not calibrated is no surprise. In fact, it
seems unlikely that adjustment of gravity, ball mass, and
time alone will produce a model accurate for all throws.
There are two options to compensate for this. The �rst
is to derive a better model of the robot arm dynamics as
discussed previously. The second is to �t these parame-
ters separately for di�erent regions of the action space. As
learning progresses the system �nds appropriate parame-
ter settings for larger areas of the action space.

5 Discussion and Conclusions

There are many important tasks with highly redundant
plant command to task parameter mappings. When in-
verting redundant mappings it is necessary to optimize
according to additional cost functions. This poses a prob-
lem for standard table lookup methods, which require a
random or brute force search of the plant command space
to optimize performance.

The Guided table Fill In algorithm extends lookup ta-
ble learning methods to redundant mappings. It uses data
already stored in the table to select plant command space
candidates that are more likely to produce good data to
add to the table. Linear interpolation and extrapolation
between existing good points in the table will yield more
good points if the mapping is reasonably smooth. The al-
gorithm also allows natural modi�cations to learn the easy
parts of a task �rst since it explicitly includes a desired
range of task parameters in its decision process.

Experiments using a exible manipulator for throwing
demonstrate the power of the new learning algorithm.
Previously, researchers applying learning to robotics at-
tempted to constrain the action space to make the prob-
lem tractable. With e�cient techniques for searching high
dimensional spaces that step may not be necessary. More
importantly, the ability to handle high dimensional spaces
enables the learner to generate qualitatively di�erent be-
haviors. Often these are the behaviors that the researcher
would have eliminated by applying constraints based on
poor intuition.

One of the disappointing aspects of work in learning is
that it is often applied to tasks where the system designer
\already knows the answer." In these situations learning
functions more as a �ne-tuner to improve accuracy or to
�t model parameters. In the throwing experiments pre-

sented here, we had speculated that improvements could
be made by storing energy in the manipulator. However,
it was assumed that this would be done by making an ini-
tial backward motion, followed by a forward motion. Only
through the use of the GFI algorithm was it revealed that
a forward-backward-forward motion was the way to attain
a high release velocity, given the constraints on joint veloc-
ity, the length of time allocated for the throwing motion,
and the natural frequency of the meter stick.
It is now possible to model complex, nonlinear dynamic

systems such as highly exible beams and discontinuous
dynamic systems such as the ball release process. We have
demonstrated the use of these models for simulation of our
ball throwing robot. Furthermore, our experiments indi-
cate that even a crude model of a complex robot system
can increase learning ability when there are constraints
on real robot executions. Future work includes the con-
struction of a model and exible throwing system that
more closely match each other and the continued exper-
imentation on methods of learning by switching between
simulated and real practice trials.
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Figure 3: Learned whipping motion for long throws


