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Abstract

Shaping by successive approximations is an important animal training technique in which behavior
is gradually adjusted in response to strategically timed reinforcements. We describe a computational
model of this shaping process and its implementation on a mobile robot. Innate behaviors in our
model are sequences of actions and enabling conditions, and shaping is a behavior editing process
realized by multiple editing mechanisms. The model replicates some fundamental phenomena
associated with instrumental learning in animals, and allows an RWI B21 robot to learn several
distinct tasks derived from the same innate behavior.

1. Introduction

Service dogs trained to assist a disabled person will respond to over 60 verbal commands to, for
example, turn on lights, open a refrigerator door, or retrieve a dropped object [9]. Chicks can be
taught to play a toy piano (peck out a key sequence until a reinforcement is received at the end of
the tune) [6], and rats have been conditioned to perform complex memory tasks which are analogs
of human cognitive tests [8, 18]. These and many other complicated behaviors can be acquired as
a result of the delivery of well-timed reinforcements from a human trainer. This training strategy
exploits a type of learning found from invertebrates to humans, in which an animal comes to
associate its actions with the subsequent consequences. In the animal learning literature, this is
referred to as instrumental, or operant, conditioning. One specific animal training technique which
exploits this type of learning is shaping by successive approximations, or just “shaping”.

Mobile robot learning algorithms have yet to approach the sophistication and robustness of
animal learning. While the idea of reinforcement for appropriate actions is commonplace in the
machine learning literature [21], little of that work examines animal training methods. Several
researchers have developed robot “shaping” systems [11, 28], and these methods are a significant
contribution to the robot learning literature, but they have not addressed behavioral shaping in
animals in any detailed way. Efforts toward understanding instrumental learning through computer
simulations have, to this point, addressed only elementary phenomena such as encouraging or
suppressing a single motor action [3, 30]. A serious attempt to model phenomena described in
the instrumental learning literature will serve the dual purpose of improving the abilities of robot
learners while at the same time yielding a fresh, computationally-oriented perspective on animal
learning.

In the present paper we develop a computational theory of shaping that is at a level appropriate
for generating mobile robot tasks. Using animal learning theory as a basis, we propose the idea
of behavior editing as a potential mechanism underlying this learning process. Behavior editing is
a method by which a pre-existing behavior, either innate or previously learned, can be changed
in magnitude, shifted in direction, or otherwise manipulated to produce a new type of behavior.
To demonstrate this, we have implemented our model on Amelia, an RWI B21 mobile robot.
We provide results from training Amelia on several tasks, all of which are built from one innate
behavioral routine, and discuss how these results reflect shaping in animals.



2. Associative Learning in Animals

2.1. Pavlovian and Instrumental Conditioning

Two basic types of associative learning — Pavlovian (or classical) conditioning and instrumental
(or operant) conditioning — are well established in the animal learning literature. Although the
line between these two types of learning is often blurred [7], they are considered to reflect different
underlying processes [12].

Pavlovian conditioning results in the association of an arbitrary neutral stimulus called a con-
ditioned stimulus (CS) with a second, unconditioned stimulus (US). The US is inherently pleasant
or unpleasant, and thus provokes an innate, unconditioned response. The key factor in this type of
learning is that if the CS reliably precedes the US, eventually the CS will elicit the same response
as the US. For example, food naturally produces a salivation response in animals, thus it is a US.
If an animal is consistently presented with a tone (a CS since it produces no innate response) ten
seconds before it receives food, eventually it will salivate in response to the tone itself, before the
food is presented. At this point the tone has become predictive of food, and the animal has learned
a CS—US association. This suggests that Pavlovian conditioning helps an animal to recognize
structure in its environment, enabling it to make useful predictions about upcoming events based
on its perceptions.

During Pavlovian conditioning, the animal learns associations between stimuli in the environ-
ment, but it learns nothing about the effects of its own actions. Since the behaviors which are
generated are hardwired to occur in relation to the US, the animal depends on its genetic heritage
for appropriate responses to stimuli. If the environment changes such that certain actions are now
much better or much worse than before, an animal with only Pavlovian conditioning abilities would
be incapable of adapting. This is where instrumental learning comes in. In an instrumental learning
situation, the execution of an action, not just the occurrence of a stimulus, is required to produce
a certain consequence. If that consequence is desirable, the action associated with it becomes more
likely to occur. In other words, the learner constructs and maintains an association between an
action and its outcome (A—Q). The context in which this is learned also becomes incorporated
into the association, such that the animal expects a given action to lead to that outcome only in
the presence of specific stimuli, i.e., S—(A—0).

2.2. Shaping by Successive Approximations

Shaping by successive approximations is a top-down approach to behavior modification. It exploits
innate or previously learned behaviors of the animal, which can be selected and modified through
reinforcement to yield the specific behaviors desired by the trainer.

Consider an animal trainer teaching a dog to sit up and “beg”. In order to produce this type of
behavior, the trainer does not have to start from scratch, but instead can motivate the dog to emit
an innate [16, 27] sequence of actions for pursuing an object (see Figure 1), and use appropriate
reinforcement to mold the sequence into the begging behavior.



In order to get the dog to sit up on its haunches, the trainer dangles a piece of food above its
head. The trainer also gives a verbal command (“beg”), which initially has no meaning to the
animal but comes to be associated with the desired behavior. As soon as the dog is in the desired
position (sitting on its haunches with its front paws off the ground), the trainer gives it praise
or a food reinforcement, which interrupts the object-pursuit sequence with a desirable outcome
(Figure 2).

After several trials, when the dog is reliably sitting up for food, the trainer initates a trial but
holds the food several centimeters higher than previously.

On each subsequent trial, the trainer moves the food farther from the dog. As the distance to
the food is increased, and the dog continues to receive reinforcement during the approach stage,
the relevance of the sight of the food as a stimulus triggering the behavior decreases. At the same
time, since the “beg” command has been consistently presented, the strength of the association
between the command and the rewarded behavior increases (Figure 3).

Eventually the sight of the now distant food target becomes unnecessary, and the dog will
perform the desired behavior in response to just the verbal cue. (Figure 4).

Once the dog is reliably sitting up in response to the “beg” command, the trainer can shape
various parameters of the behavior. In order to do this, the trainer relies on natural variation
in the magnitude of the animal’s actions. In this case, if the trainer wants to teach the dog to
hold the begging position for ten seconds, he or she would reinforce trials on which it begs for a
relatively long time. If this is done consistently, eventually the average duration of the gesture
will increase, and the experimenter can shift the criterion for reward higher. Eventually, when
the average duration has been extended to around ten seconds, the trainer can begin reinforcing
the dog only for actions that are very close to that duration, which produces a more consistent
behavior.



Although learning to beg may at first appear to be a unitary phenomenon, a closer examination
suggests that it is the result of a combination of several mechanisms acting together to modify
extant actions and produce the observed behavioral changes. Shaping can be broken down into key
components as follows:

1. The dog is learning a new behavior that can be triggered by the “beg” command. At the same
time, the original object-capture sequence will be emitted in response to interesting objects
if no command is given. This reflects the fact that animals can learn many potentially
overlapping behaviors which are triggered selectively depending on the situation.

2. The dog initially executes a behavior appropriate to attaining the goal of food. This is due
to the fact that the dog has innately specified or previously learned an A—O association:
execution of the object capture sequence will lead to a desirable outcome.

3. Initiation of the behavior sequence is triggered by the sight of the food target. This reflects
the fact that stimuli can drive behavior. In the animal learning literature, this is known as
stimulus control, and is thought to result from an S—(A—O) association.

4. When the reward is given before the dog completes the object capture sequence, the behavior
is interrupted but with an overall positive outcome. The dog learns that successfully capturing
the object is not necessary to earn a reward.

5. By the end of training, the sight of a food target is no longer necessary for the dog to emit the
(now modified) object capture behavior. The procedure by which control of a visual stimulus
is weakened by moving it further from the dog on successive trials is an instance of what is
called fading in the animal training literature.

6. As the target is faded, the “beg” command becomes sufficient to trigger the desired behavior.
This is an instance of transfer of stimulus control, and demonstrates that, though learned
association, arbitrary stimuli can gain control over a behavior.

7. Once a brief “beg” behavior has been learned, the duration of the gesture is gradually in-
creased by selectively rewarding longer instances. This is an example of adjusting the topog-
raphy of a response.

Our model of animal learning utilizes several learning mechanisms to produce these different
aspects of shaping. The fundamental concept is that these mechanisms operate on previously
learned or innate behavior sequences by editing them in various ways, so that eventually they are
transformed into the desired behavior.

3. A Simple Model of Animal and Robot Behavior

In order to develop our theory of behavior editing, we first introduce a model of animal behavior
that can be implemented on a mobile robot. While admittedly simplistic, this model provides
a concrete description of behavior which can then be subjected to our editing operations. More
sophisticated behavior models should also be susceptible to editing.



We define a behavioral sequence as a collection of states, each with an associated action. Some
states have abstract actions that can be instantiated in several ways by more specific states. For
example, “move arm” can be realized by actions such as raising the arm, lowering the arm, waving,
and so on. “Activation links” connect abstract states with their more concrete realizations.

The animal is always in some state, meaning that state is “active”. The active state, if abstract,
may have one of its realizations also active at the same time. If this realization is itself an abstract
state, then it too may activate a realization, and so on. So at any given time there is a set of active
states forming a chain of activation links from most to least abstract.

Action sequencing is accomplished by “transition links” between states at the same level of
abstraction. A behavioral sequence is executed by following the chain of transition links from
the start state to some goal state, performing the action associated with each state along the way.
Transition links are weighted; the weights determine the likelihood that a given path will be selected
from the choices currently available.

Figure 5 shows a behavior sequence for locating and manipulating objects. It can serve as a
simplified, first-order description of animal prey-catching behavior. On the robot, this sequence
results in a tendency to be attracted to objects. Once the robot sees something it recognizes,
it approaches the object and tries to pick it up if graspable. Upon successful completion of this
sequence the robot looks for other objects with which to interact.

4. Preconditions and Postconditions

States become active in particular contexts, i.e., certain conditions must hold. These are known
as the preconditions for the state. Once activated, the state remains active until its postconditions
are satisfied. Performing the action associated with the state (or one of its sub-states) should make
the postconditions true. See [15] for a similar conception of states.

Preconditions are typically references to stimulus features such as the color of an object, while
postconditions may reference either external relationships, such as the distance between the robot
and an object, or internal variables such as the distance traveled by the robot since it entered the
current state.

In our simplified model, each precondition is either a boolean quantity (e.g., whether or not a
target has been detected) or a point in a continuous vector space defined by the stimulus modality.
Boolean preconditions are satisfied (have match strength A/ = 1.0) when the feature value is 1
(“true”). Conditions on continuous-valued features are satisfied to the extent that the feature lies
within a specified distance of some target value. We use a Gaussian classifier to judge the strength
of match between a stimulus feature and the target value. Let p; be the target vector for the ¢th
stimulus class, @;(¢) be the value of that stimulus at time ¢, and o? the variance in the distance of



points from the target, i.e., the width of the tuning curve. Then the match strength for the ¢th
stimulus is defined as

o2 (1)

)= o 01

If 02 is not too small, the model will generalize from a prototypical stimulus value to similar
values, e.g., if trained to respond to an orange object, it will also respond to pink or yellow ones.
However, the model can be taught to make arbitrarily fine stimulus discriminations by tightening
the tuning curve.

Animals usually learn about certain types of stimuli more easily, or more quickly, than others
[16]. In pigeons, for example, visual stimuli are more salient than auditory stimuli. In the model,
each stimulus class has an innate salience, or associability («;), that determines its relative strength
in influencing the animal’s behavior. The salience of an individual stimulus instance also depends
on its intensity, e.g., the brightness of a light, the loudness of a tone, or the proximity of a visually-
tracked target [26].

Preconditions can be positive or negative, depending on the strength of association V; between
stimulus match and reward. For example, if pressing a lever produces a food reward except when
a light is on, the light would develop a significant negative associative strength. The V; terms are
learned parameters and normally start at zero, but for innate behaviors with built-in conditions
the V; values may start at any value between —1 and +1.

Reinforcement of an action contributes to bringing that behavior under the control of the stimuli
that were present at that time. That is, the probability of re-entering the state responsible for that
action will be higher in the presence of the stimuli and lower in its absence [32]. In our model,
stimuli gain control over behavior based on their relative match strengths, saliences, and associative
strengths. We define the amount of control possessed by a stimulus feature to be

Ci(t) = Mi(t) - ei(t) - Vi (2)

Figure 6 shows the target-color precondition, with its associated parameters and computed level
of control.

The likelihood of entering a state is determined by the sum of the control levels of all precon-
ditions of that state. If the stimuli which form preconditions for a state are present and have an
aggregate degree of control that is above threshold, then the state will be entered. Similarly, the
aggregate control level of all postconditions of the state must be above threshold for the state to
be exited. Consider the approach-object state, when the robot is 100 cm from the target. Figure
7 shows that to enter this state, the target-present precondition must be satisfied. Since target-
present is a built-in precondition, it has an initially high associative strength V;. When a target is
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present there will be a high match value M; and salience «;; thus, the precondition will be satisfied
and the robot will enter the approach-object state. It will remain in that state until the aggregate
control level of the three postconditions (target-within-reach, target-distance, and distance-moved)
exceeds the postcondition threshold. Each of these postconditions contributes to the successful
completion of the approach state. Target-within-reach is satisfied when the robot is within reach of
the target, target-distance records the distance the target is from the robot upon completion of the
approach (satisfaction is contingent on the value being equal to the within-reach distance initially,
but can change with reward), and distance-moved records the total distance the robot has moved
during the approach stage of the trial.

Postcondition control changes over time as follows. Assuming that associability «; remains
constant (i.e., stimulus intensity does not change), control is dependent on M; and V;. For two
of the postconditions, target-distance and distance-moved, the variance o? associated with the
expected value pu; starts high, since it is not known in advance whether any particular target
distance or movement distance will lead to reward. As a result, M; for these postconditions will
be high for any distance between the target and the robot. However, since the association between
these postconditions and reward in the given situation is unknown, V; will be low, and these two
postconditions will not have a great deal of control. In contrast, since the target-within-reach
postcondition is critical for moving out of the innate approach-object state, its initial V; is high.
Also, the target-within-reach condition has a specific requirement that is known in advance — the
robot must be within 5 cm of the target in order for it to be within reach — so o; is tight and M;
will be low when the robot is far from the target. Once the approach-object state is active, however,
the robot moves forward and the distance to the target decreases, so M, for target-within-reach
increases. Eventually, the robot comes close enough to the target that the total postcondition
control exceeds the threshold, and the robot can exit the approach-object state (see Figure 8).

5. Learning Mechanisms (Behavior Editing)

Several different mechanisms can edit a behavior sequence. First, the sequence may be truncated
by introducing a reward that interrupts the normal flow of state transitions. Second, the expected
value and width of the tuning curve for a precondition can be adjusted, which alters the way the
model generalizes or discriminates among stimuli. Third, the degree to which particular stimuli
have control over a behavior can be manipulated by changing the associability «; and associative
strength V;. Finally, the topography of an action can be altered by adjusting its parameters. These
editing mechanisms are discussed in detail below.



5.1. Modifying State Transitions

On the first training trial, the robot executes an innate behavior sequence. It scans the room for
targets and if it sees one, approaches it and possibly picks it up. If a reward is received during
the course of this trial, a copy is made of the portion of the behavior sequence that was executed,
and the various changes that can be made by the editing mechanisms are made to the copy, not
to the original sequence. On later trials, if the stimuli in the environment sufficiently match the
preconditions for the first state in the copied sequence, then that sequence is initiated, and any
further changes made through reward are made to the copy. If the stimuli do not match the
preconditions for any of the copied behavior sequences, the innate sequence is chosen. The function
of these copies is to preserve the innate behavior and allow any number of variants to be learned,
each of which is initiated only in the appropriate context.

When our model receives a reinforcement, it builds an expectation that reward will be obtained
the next time it is in the current state, and it maintains a value for each state reflecting the strength
of this expectation. This value is increased for the current state whenever a reward is received, and
decreased when the reward expectation is above zero but a reward is not received. This expectation
value can be seen as an A—QO association.

When the model receives a reinforcement, it moves into a “collect reward” state, and the reward
expectation parameter for the previous state is increased. In addition, the strengths of all of the
transition and activation links followed since the start of the trial are increased. But if a violation of
the A—O association occurs (the model does not receive a reward for executing an action when it
was expecting one), the strengths of all transitions taken during the trial are decreased. In addition,
the value of the reward expectation is reduced, thereby decreasing the strength of belief that the
action leads to reward. With repeated non-reinforcing trials, eventually the transition strength for
that action decreases to a point where the action ceases to occur any more frequently than other
actions. In the animal learning literature, this process is known as extinction.

5.2. Acquisition of Stimulus Control: Addition and Modification of Preconditions

Reinforcement of an action contributes to bringing that behavior under the control of the stimuli
that were present at that time. That is, the probability of reentering the state responsible for
that action will be higher in the presence of the stimuli and lower in its absence [32]. The stimuli
are then known as controlling, or discriminative, stimuli. Discriminative stimuli are important
because they allow the animal to restrict its actions to only those situations in which they will
produce reinforcement. Animal trainers take advantage of this by establishing particular gestures
or verbal cues, such as the “beg” command in the dog training example, to place behaviors under
stimulus control so that the animal performs on command. Undesirable behaviors can sometimes
be eliminated by bringing them under stimulus control and then not giving the command any more

[29].

As mentioned previously, in our model stimulus control is the product of associability (o),
match strength (A;), and associative strength (V). Since associability is dependent on stimulus
intensity (i.e., increases for intense stimuli and decreases for fainter stimuli) and match strength
reflects the similarity of the current stimulus to the expected one, both of these variables depend



on current stimulus conditions. Therefore they can vary from trial to trial.

The associative strength V; of a stimulus normally starts at zero and increases as the precondition
is paired with reinforcement. It is adjusted in our model using the Rescorla-Wagner learning rule
[31] (mathematically equivalent to the LMS or Widrow-Hoff learning rule [33]) when either a reward
is received or an expected reward is not received. The learning rule for adjusting V; is:

AV;(t) = oy (t) M;(t) [A(7, reward) — Z a; (E)V;(t)M; (1) (3)

where a;(t) is the associability of stimulus ¢, M; is the match strength of the precondition, and A
is the target strength (amount of association supported by the reinforcer.) A A value of 1 was used
for reward, and 0 for no reward.

When a stimulus present during a reward is added as a new precondition, it has an initial asso-
ciative strength of 0. If perceptions that closely match this stimulus are repeatedly accompanied
by reinforcement, the associative strength gradually increases. Perceptions that don’t match the
stimulus very well don’t appreciably affect the strength. Finally, if a particular stimulus is con-
sistently associated with non-reward when reward is expected (e.g., a previously rewarded action
sequence is no longer being rewarded), the stimulus will develop a negative associative strength,
thus leading to a suppression of the sequence in the presence of that stimulus.

Use of the Rescorla-Wagner rule gives us an estimate of a stimulus’ correlation with reward. It
also allows us to replicate certain well-known phenomena in the classical conditioning literature,
such as blocking and negative conditioning.! Our implementation of the rule differs from the
original version described by Rescorla and Wagner [31] in two ways: first, we have a dynamic «a
(which is described in the next section) and second, we use a continuous value for stimulus match
strength instead of a boolean indicator of stimulus presence.

5.3. Transfer of Stimulus Control: Fading

When a dog is learning to beg, it initially sits up on its haunches because it is trying to to reach
the food being dangled above its head. It is performing an object-capture behavior. With training,
the dog learns that sitting up in response to the “beg” command is rewarded. It no longer requires
a visual target, and will execute the behavior on cue even if no target is present.

To reach this state, the trainer slowly fades the target by holding it farther from the dog on
each trial, until it can be eliminated altogether. During this time, control of the behavior is being
transferred from the visual stimulus to the verbal command.

We model the fading process as follows. The stimulus intensity of a visual target is inversely
related to its distance. As a target is moved further away, its intensity diminishes and since the

'In blocking, when an animal is first trained on stimulus A paired with reward, and then on stimuli A and B
together with reward, it shows little or no response when tested on B alone. In negative conditioning, training on
stimulus A paired with reward and then A plus B and no reward produces a negative associative strength for stimulus

B.



associability of the stimulus is directly dependent on intensity, «; decreases as well. Because we
are essentially decreasing the learning rate for the target, even though M; is still high, the target
gains less associative strength as it is moved further away. The verbal command remains at full
associability, however, so it is able to gain much more associative strength. In addition, since
control is the product of «y;, M;, and V;, the lowered «a; value of the target results in a smaller
degree of control for the target.

What happens if the controlling stimulus is faded too quickly or removed entirely? If the trainer
pulls the target back from the dog before the “beg” command has acquired sufficient associative
strength of its own, the dog will not respond appropriately. In the model, the total control possessed
by the stimuli in the current context will be below threshold, because «; for the target is small
while V; has not increased enough to give the verbal cue sufficient control of the behavior.

5.4. Stimulus Discrimination and Generalization

Implicit in the development of stimulus control is another type of learning. In order for the model to
acquire knowledge about a context, it must be able to accurately discriminate the stimuli associated
with that context from other stimuli encountered in the environment. On the other hand, it must
not be too picky in distinguishing among stimuli; otherwise it may fail to recognize an appropriate
context due to an insignificant variation in some stimulus quality.

Stimulus discrimination and generalization are controlled by the values of i1, the expected feature
value, and o2, the variance or tuning curve width. Two processes adjust these parameters. Every
time a reward is received or an expected reward is not received, the mean expected value and the
variance of each active precondition are updated as follows:

=1
1 Zt: i—1 (5)
Mt N, & v
Seo= lwr— e 1P +v¢ia (6)
0 fort =20
b = NS, if reward expected but not received (7)
CT maz (Sg, Nyyo2,;) if Sy > Ne_yo2,,
Sy otherwise
1
0'752 = Elﬁt (8)

where « is a discount factor slightly below 1, ¢ is the number of trials, Ny is the time-discounted
number of trials, S; is the sum of discounted o2 values, and 7 is a variance shrinkage term (explained

below).

When a reward is received, in order to maintain the possibility of generalization, ¢? is not

permitted to shrink below a certain minimum value o2 unless reward expectations have recently
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been violated. So even if the model is trained exclusively on, say, orange stimuli, the value of o2
should still be large enough to permit generalization to pink or yellow stimuli, though probably not
dark blue ones. If a variety of different stimulus values are associated with reinforcement, then the
variance o2 will increase to well above o2 to reflect this.

When an expected reward is not received, the model may have failed to distinguish a desirable
stimulus from a less desirable one. To correct this, the model narrows the tuning curve slightly by
reducing S; by a certain proportion 5. This contraction is not subject to the minimum variance
constraint. Hence, the model can be taught to sharpen its tuning curve to distinguish pink from
orange stimuli if the reinforcement contingencies require this.

5.5. Shaping Action Topography

Yet another form of learning that occurs within a shaping procedure is the adjustment of individual
actions. Since motor behavior is inherently variable, each instance of an action will tend to be
slightly different. One can change the shape of the action by rewarding only those instances that
come close to the desired form. In the above example, once the dog is sitting up in response to the
“beg” command, the trainer can begin to modify the parameters of the gesture. If only the trials
in which the dog begs for a relatively long length of time are reinforced, then the mean duration of
the behavior will become longer.

A hill climbing mechanism is used to shape the motor action associated with a state. Each
state can have postconditions which reference parameters of the motor action and are updated by
adjusting g and o values in a similar manner to the preconditions discussed in the previous section.
For example, the approach-object action has three postconditions: the robot must be within reach
of the target, it must be within a certain (learnable) distance of the target, and it must have moved
forward a certain distance. These postconditions must all be satisfied to an extent related to their
strength of association in order for the robot to leave the state. When a target is present, the robot
can approach the target to satisfy all of the postconditions. When the target has been deleted
through fading, however, distance-moved becomes the only relevant postcondition. In this case,
the learner selects parameter values for the move-forward motor action based on the distance-moved
distribution described by p and o.

To shape the robot to move forward a specific distance, we first train it to move forward by
triggering the object-capture sequence with a target. Next, we fade the target until a verbal cue
is the only controlling stimulus. Finally, we only reinforce the robot for movements that are closer
than average to the desired distance. This shifts g in the direction we want to go and keeps ¢ broad
enough that we are likely to see new actions that are closer to what we desire. Once the target
value for distance traveled has been reached, we can adopt more stringent performance criteria,
which tightens ¢ and encourages uniformity of behavior.

6. Robot Implementation

Amelia is an RWI B21 mobile robot (see Figure 9) with a color camera on a pan-tilt head and
a three degree-of-freedom arm with gripper. Computing power is provided by three on-board
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Pentium processors; a 1 Mbps radio modem links Amelia to a network of high-end workstations
that can contribute additional processing cycles. For our experiments, we ran the learning program
in Allegro Common Lisp on a Sparc 5 and used TCA [34] to communicate with the robot.

In order to allow the robot to operate in real time, we chose a fast and simple approach to robot
vision. Objects were assumed to be monochromatic. We defined canonical RGB values for each
object type and used a gaussian classifier to label each pixel in the image. A connected components
algorithm found contiguous regions bearing the same label. Then, a hand-tuned post-processor
rejected regions that were too small to be objects, and merged regions with identical labels that
were close enough together that they probably belonged to the same object. This provided some
robustness against breaks in the image cause by shadows or small occlusions.

The human trainer wore a bright orange jacket which presented an easily-tracked monochromatic
target. A second class of objects known to the robot was plastic dog toys of various colors; pink and
green toys were used in the experiments described below. These toys had a symmetric four-armed
shape that allowed them to be picked up in any orientation, so precise positioning of the arm was
not required. The final object class was blue plastic recycling bins, which served as toyboxes.

Due to the camera’s relatively narrow field of view, the robot was programmed to pan the room
every 15 seconds, taking six snapshots arranged in a 2 x 3 array. The top row of images gave a
good view of people in the room; the bottom row allowed the robot to see objects on the floor. The
six snapshots were merged into one large image before processing. In between pan events the robot
processed images with the camera pointing straight ahead at a rate of several frames per second.

The vision module returned a list of the objects it found, along with their actual colors and
positions in the image. This list was converted into a list of simuli, triggering actions appropriate
to the objects currently in view and their locations. Stimulus values were also referenced by the
learning rule for preconditions discussed above to adjust the p and o parameters.

The human trainer delivered reinforcements to the robot via a Logitech three-button radio
trackball. Standing anywhere in the vicinity of the robot, the trainer would press the right mouse
button each time a desired response occured. The button press was picked up by a receiver plugged
into a serial port on one of the robot’s Pentium computers and relayed to the learning program on
the Sparc. The robot did not receive feedback on every timestep or for each action performed; it
only received a reinforcement when an appropriate action had occured.

7. Results

Experiments 1, 2 and 4 below were run on the actual robot using an earlier version of the model
than is described here. Experiments 3, 5, and 6 were run in the current version of the model to
demonstrate recent enhancements, such as stimulus fading and action topography shaping. These
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latter experiments were run in simulation, using visual inputs previously recorded from the robot’s
actual vision system.

“Verbal” commands were given to the robot at the beginning of trials. With a real animal these
would be spoken words, but since we do not have a speech recognition system on the robot we used
keyboard input instead. These commands, which were learned as new preconditions, allow us to
teach the robot to perform a particular action only in the context of a verbal cue, as an animal
trainer would do.

Prior to starting the experiments, a baseline measure of performance was generated by allowing
the robot to execute its built-in action sequence. When the robot was shown the pink toy, for
example, it approached it, lowered its arm, and picked it up.

7.1. Learning the Consequences of Actions by Truncating the Sequence

The purpose of this experiment was to demonstrate that new behaviors can be derived from an
existing action sequence by changing the outcome of actions through reinforcement. The robot was
taught to move forward in the presence of the pink toy without picking it up. First, the pink toy
was introduced and the “move forward” command (initially meaningless to the robot) was given.
The visual stimulus triggered the innate behavior sequence described above. As soon as the robot
had moved 20 cm toward the toy, it was interrupted by a reinforcement from the radio trackball,
which caused it to stop approaching the toy as it entered the “collect reward” state. After 5 training
trials, we tested whether the robot’s behavior had been modified by showing it the toy and giving
it the command, but not interrupting it with a reward. If nothing had been learned, we would
expect the robot to approach and pick up the toy. During this trial, however, the robot completed
the approach to the target and stopped. This simple example illustrates that new behaviors can
be acquired by interrupting an innate sequence with reward. This is similar to the first stage of
training the dog to beg.

7.2. Follow the Trainer

The robot does not have to be trained in discrete trials; it can learn in a continuous exploration
mode. In this experiment, the trainer wore the bright orange jacket and the general exploratory
sequence was run on the robot continuously. Low-level collision avoidance software, which uses
sonar to detect and avoid obstacles, was run along with the learning program. The trainer carried
the trackball around and rewarded the robot whenever it approached her.

At the start of training, the robot wandered around the room and approached any object (within
its repertoire of visible objects) that it saw. After several rewarded approaches to the trainer, the
robot began to preferentially track and follow the trainer. By the end of 10 training trials, the
robot was ignoring other objects in the room and following the trainer exclusively.
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7.3. Stimulus Discrimination

In this experiment the program was taught to respond to green toys but not to pink ones. No
commands were used: the program was simply given 30 trials of alternating green and pink inputs.
It was rewarded for moving 20 cm toward a green toy but was not rewarded for approaching
a pink toy. Since no verbal commands were given to distinguish the two situations, learning
the discrimination was completely dependent on tuning the g and o values for the target-color
precondition. By the end of training, match strength for the pink toy had decreased to a negligible
value, whereas match strength for the green toy was close to 1.0. This led to different behavior on
green and pink trials: on green trials the program approached the toy and expected reinforcement
after moving forward 20 cm, whereas on pink trials the robot simply executed the default behavior
sequence, since the learned behavior’s preconditions were not adequately satisfied.

7.4. Recycling and Playing Fetch

In this experiment, the robot was taught to recycle green toys. First it was given 10 trials in which
it was initially presented with the green toy and then the recycling bin. At the start of each trial,
a “recycle green” command was given. As in the above stimulus discrimination experiment, the
robot was rewarded after it picked up the green toy. It was not rewarded for picking up other
toys. Next, the robot was given a “take to bin” command and was rewarded if it approached the
recycling bin and dropped the toy in it.

During the first phase of training, the robot quickly learned the green toy recycling task. By
the end of 10 training trials it was performing reliably, always picking up the green toys and taking
them to the recycling bin even when other toys were available.

A variation on this theme involves teaching the robot to play fetch. Ten trials were given in
which the robot was first presented with a green toy, followed by the trainer coming into view.
At the start of the trial, the robot was given a “fetch” command and was rewarded whenever it
retrieved the toy. Next, the robot was told “bring it here”, and was rewarded when it had brought
the toy to the trainer. No distractor targets were present (i.e., on each trial only the green toy
or only the trainer could be seen), which made learning occur very quickly. Within 10 trials the
trainer could throw the green toy anywhere in the room and the robot would search until it found
it, then approach and pick up the toy, scan the room for the trainer, and finally approach the
trainer and drop the toy at her feet.

7.5. Transfer of Stimulus Control (Fading)

This experiment demonstrates how the pink toy can be used as a stimulus to initiate the approach
behavior sequence, then faded so that eventually it is no longer needed to trigger the move-forward
action. This replicates the second stage in the dog training example, in which the food is moved
further away from the dog on successive trials.

Two conditions — one in which the target was removed immediately after training (no fading)
and one in which the target was moved gradually (fading) — were run for comparison. In the
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no fading condition, the pink toy was presented at a distance of 30 cm and the “move forward”
command was given at the beginning of each trial. The move forward action was reinforced for
30 trials, with reinforcement being delivered after the program had moved forward 20 cm. On the
thirty-first trial, only the “move forward” command was given (i.e., no toy was presented). In the
fading condition, the toy was gradually faded by being presented at a distance 10 cm further on
each trial for 30 trials such that by trial 30 the toy was at 330 cm. On trial 31, only the “move
forward” command was given.

In the no fading condition, the program failed to move forward on the first trial during which
the toy was not presented, even though the “move forward” command was given. Since the total
stimulus control must be above a threshold, in this condition the command did not attain enough
control during training to trigger the behavior on its own.

In the fading condition, however, the program continued to move forward during the fading
procedure, as well as during the first trial during which the toy was not presented. In this condition,
the gradual fading of the target allowed more associative strength to be allotted to the other
stimulus: the verbal command. This, combined with a decrease in target « allowed the command
to gain sufficient control such that by the thirty-first trial the command alone was a sufficient
stimulus for the behavior to be emitted.

7.6. Shaping Individual Actions

In this experiment, the move-forward motor action was shaped to a particular magnitude (30 cm).
First, the program was trained using the same fading procedure as in the previous experiment. This
yielded an average forward distance of 20 cm. Then the target was removed, and the experimenter
reinforced the program only for the largest move forward actions that it was emitting. (If no target
is present, a movement distance is chosen randomly from the distribution of expected movements
determined by p and ¢.) As the average magnitude of the actions increased, the experimenter
continued to reinforce the program only for above average actions. When the average distance was
approximately 30 cm, in order to tighten the behavior, the experimenter only reinforced actions
that were close to that magnitude. By the end of 30 post-fading trials, the average distance moved
was shifted from 20 em to 30 cm.

8. Related Work

This model is related to work in a number of different areas: reinforcement learning, robot “shap-
ing”, learning through interaction with a human trainer, and learning through refinement of built-in
knowledge.

8.1. Reinforcement Learning

Our model is an extension of reinforcement learning, in which an agent must find a policy mapping
states to actions that maximizes some long-term measure of reinforcement. The main contribution
of our work is that we address problems inherent in RL, such as dealing with large state and action
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spaces, by providing some built-in structure and by exploiting the domain knowledge and accurate
sensory capabilities of a human trainer for behavior design and training methods. This means that
our learning mechanism is less general than a standard RL technique such as Q-learning [39], but
it also means that it can learn more complex tasks in a shorter amount of time. In addition, our
system is capable of replicating animal learning phenomena such as fading which RL methods do
not yet address.

8.2. Robot Shaping

A few researchers have implemented robot shaping systems which, although they use similar termi-
nology, are quite different from our model. While these methods use the word “shaping” to indicate
a parallel with experimental psychology, few provide any deep analysis of the animal training pro-
cedure, and in most the parallel with shaping refers to the organization of training and the fact
that reinforcement, but no training examples, are provided to the learner.

Singh [36] was first in the robotics literature to use the term “shaping”. In his system, complex
behaviors are constructed from simple actions, that is, composite sequential decision tasks are
formed by concatenating a number of elemental decision tasks. In his experiment on shaping, he
trained the robot on a succession of tasks, where each succeeding task required a subset of the
already learned elemental task, plus a new elemental task. After training one Q-module on an
elemental task, learning was turned off for the first module and a second module was added for the
composite task. Since this experiment involved the combination of elemental modules as opposed
to the modulation of an existing behavior, it resembles another animal learning technique called
chaining more closely than shaping. In addition, Singh does not make an effort to replicate basic
aspects of animal shaping such as stimulus control. Asada [1] has also provided a modification to
Q-learning that has been compared to shaping because he trains the robot on simple tasks first
and moves to progressively more difficult tasks once the easier ones have been mastered.

Our work is most similar to that of Colombetti and Dorigo [11, 14] who make a point of exploiting
trainer knowledge in order to speed up reinforcement learning. They also emphasize the adjustment
of built-in actions through RL to tailor behaviors to specific environments. Our approach differs
from theirs in several ways:

1. Their shaping procedure consists of training separate modules for different components of
a behavior, and then training a separate module to coordinate them. This more closely
resembles chaining, in which complex behaviors are constructed from a set of simple responses,
than shaping, in which an innate behavior is modified.

2. Colombetti and Dorigo have addressed the issue of efficient search of large action spaces
by employing an immediate reinforcement strategy in which every action of the robot is
reinforced, either positively or negatively. This is advantageous because with feedback on
every timestep, the robot usually finds the correct behavior more quickly. A drawback,
however, is that immediate reinforcement is very labor intensive for the trainer. Since animal
shaping procedures do not involve immediate reinforcement — the animal only receives a
reward when it performs the correct behavior — our shaping methodology incorporates a
delayed reinforcement strategy. Because the trainer slowly shifts the reinforcement criterion,
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guiding the robot through action space, the learner is able to converge on the correct behavior
relatively efficiently.

3. Colombetti and Dorigo suggest that using a human trainer is not feasible because humans
are inaccurate in their behavioral evaluations, and are too slow with respect to the robot’s
perception-action cycle. Thus, they advocate the use of a computer program as a trainer, in
which case they must worry about the sensitivity of the trainer’s sensors to the perception of
the correct behavior on the part of the robot. While their claim about the lack of practicality
in using a human trainer is probably true in the immediate reinforcement case, in the delayed
reinforcement strategy which we use this is far from the truth. One of our goals is to make
the teaching of behaviors to be very straightforward, such that any lay person could easily
train the robot to perform a specific task.

4. Another goal in our work is to enable these tasks to be learned while low-level reactive
behaviors, such as obstacle avoidance, are intact. Because our learning program runs on
top of built-in reactive behaviors [35] which incorporate no learning and which have priority,
the robot is fully operational and safe from danger during new task training. Colombetti
and Dorigo [11] also mention the importance of combining low-level reactive behaviors with
learned behaviors. However, due to their reinforcement strategy, this can lead to problems.
For example, when they were training their robot “Hamster” to “hoard food” (collect objects),
they rewarded it when the distance to the “nest” decreased, and they punished it otherwise.
The obstacle avoidance routine, however, interfered with this training stragegy: under their
protocol the robot would be punished for avoiding obstacles if during avoidance the robot
moved farther from the nest. Thus, under this system, it is necessary to train the robot while
the low-level behaviors are not active, in order to keep the reinforcement programs relatively
straightforward. As a result, the robot cannot be fully functional during behavior training.

5. The final difference between our work and that of Colombetti and Dorigo is the fact that, in
addition to providing a novel robot learning system, we are interested in replicating phenom-
ena associated with instrumental learning in animals, with a major goal being to understand
the mechanisms underlying these processes.

8.3. Learning Through Interaction with a Human Trainer

Several researchers have introduced methods in which a human trainer provides advice to a rein-
forcement learning agent [17, 23, 10, 38, 22]. These systems are similar to ours in that the domain
knowledge of a human trainer provides additional information to the learner, which can speed up
or improve learning. However, the type of information which the human gives the learner, and the
way in which the information is used, is completely different.

In all of the cited models, the trainer provides advice by suggesting actions or by giving the
learner explicit rules. Thus, the agent is learning by being told. In constrast, in our model the
trainer simply provides reinforcement signals when the goal behavior is performed. No explicit
advice is given: the learner must determine the appropriate behavior on its own, based on the
pattern of reinforcement it receives from the trainer. As we are trying to follow animal training
techniques, it would not make sense to directly input high-level rules to the system, since this is
something that would be well beyond the capacity of animals without language capabilities.
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A second point of difference is that in all of the above systems, either the learner queries the
teacher when it gets into trouble, or the teacher can input advice at any time. Our learner is set up
such that the reinforcement signal is given only when the robot does the right thing for the given
reinforcement schedule. In other words, the learner does not receive feedback on every timestep
or with every action. This means that the human has to do less work on a given training session,
making the use of the human more reasonable and less taxing.

8.4. Learning through Refinement of Built-In Knowledge

Other researchers have been concerned with establishing principles for deciding what types of
behavior should be hardwired into the robot and what aspects of behavior the robot should learn
from experience [24, 1, 25, 4, 5, 15].

Milldn [24, 25] describes a robot learning system in which built-in basic reflexes are improved
and refined through the use of RL and a neural net. These basic reflexes suggest where to search for
a possible action whenever the neural network fails to generalize correctly to previous experience
with the current situation. In the implementation discussed in [25], reflexes consist of move-forward
actions, track object boundary, and avoid collision. These reflexes can solve the designated task
(exiting a room while avoiding obstacles) without learning, but they are clumsy. After learning,
the robot executes the behavior much more efficiently.

This learning system is similar to ours in that built-in behaviors are modulated with reinforce-
ment, and that the incorporation of reflex-type behaviors allows the robot to be active from the
beginning of learning. However, the modulation of behavior that can be acheived using this method
is similar to only one part of our system (the shaping of individual actions). It is not clear how
completely new behaviors could be shaped from innate sequences.

Other differences between our work and that of Millin are that we use delayed reinforcement
from a human trainer, while he uses immediate reinforcement from a reinforcement program, and
we use visual sensory input, whereas he uses sonar and IR.

Blumberg [5] describes an extensive action-selection system to which he has added some basic
learning capabilities in the form of temporal difference learning [37]. This work provides a nice
example of how innate knowledge is important for building complex behavior systems.

9. Discussion and Future Work

The idea of using instrumental training techniques for modifying robot behavior is appealing when
one considers the complexity and diversity of behaviors that can be learned this way by animals.
This richness of learning is partly due to the fact that the trainer possesses specialized skills,
such as analysis of the animal’s behavior based on external observation, and appropriate timing of
reinforcement signals. At the same time, the actual learning process occurring within the animal’s
brain need not concern the trainer, thus making the training process feasible.

Our model incorporates several aspects of highly successful animal training methods based on
instrumental conditioning, and replicates important animal learning phenomena such as disrim-
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ination, generalization, stimulus control, fading, and shaping of action topography. However, it
is just an intial step toward a comprehensive model of conditioning. Two additional features of
animal learning that we plan to add in the next version of our model, outcome devaluation and
more realistic extinction, are described below.

Outcome devaluation: Much evidence exists for stimulus control being based on knowledge
of the three-term relationship between the stimuli present during reinforcement (S), the action that
was taken (A), and the outcome (O), rather than a simple S—R association between the stimuli
and a response [13]. This can be shown by “devaluing” a reward (e.g., in rats, inducing nausea with
a LiCl injection, which reduces the reward value of the type of food the rat had recently consumed)
and showing that the rate of response to the controlling stimulus has diminished. If the animal
were using a pure S—R strategy it would continue to emit its learned response despite the fact
that the reward it was earning was no longer appetizing.

Extinction: When real animals undergo extinction (no more rewards are issued for previously-
rewarded behaviors), they tend to increase both their frequency of spontaneous actions and the
variability of those actions. This increase in variability can be exploited by the trainer: witholding
rewards causes the animal to explore the local region of action space more widely than before,
making it more likely to discover a variant that is closer to what the trainer is trying to achieve.
A similar idea for varying the distribution of generated actions is described in [24].

In addition to providing a model of animal learning, our system seeks to diminish some of the
scaling problems that exist in more general reinforcement learning systems. This is done through
the incorporation of structure into the learner that allows it to be guided through state and action
space, as opposed to blind exploration of every possible state and action combination. Guidance is
accomplished in three ways:

Modification of innate behavior sequences. We do not assume that everything must be
learned from scratch; instead we rely on built-in structure. Much evidence exists for the notion
that animals have hardwired behavior sequences, and that there are “natural units” of behavior
[19, 20]. Conventional in ethological research on learning [2], and later accepted by neobehaviorist
experimental psychologists [6], is the idea that conditioned behavior is synthesized out of instinctive
acts. Adult animals come to a learning situation with a structured response hierarchy.? The goal
of shaping is to use this response hierarchy to the trainer’s advantage by molding pre-existing
responses into more desired behaviors.

One stimulus controls behavior. By the end of training the robot on a specific task, a
small number of stimuli have gained complete control over the behavior, such that no other stimuli
are important. Thus, whenever the robot perceives the controlling stimulus, it will execute the
behavior no matter what the other aspects of the state are. This is modulated, of course, by the
low-level reactive behaviors that are constantly running in order to prevent the robot from getting
into danger. The idea of stimulus control puts more power into the hands of the trainer, in that
the trainer must decide upon appropriate stimuli and must command the robot to do tasks. At the
same time, stimulus control can reduce the combinatorial problem which results when a mapping
between every possible aspect of a state and the appropriate action must be produced.

2Whether this response hierarchy is truly innate (i.e., a result of genetics) or learned earlier in life is not relevant.
We simply assume that the animal, or robot in this case, has some pre-existing response structure; it doesn’t matter
where 1t came from.
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Utilization of a human trainer. The main principle behind shaping, in the animal learning
literature and in our model, is that the reinforcement contingencies are changed slowly from training
trial to training trial. Instead of choosing actions randomly and then updating their likelihood of
occurrence based on environmental consequences, the robot learns by being reinforced by the trainer
for close approximations to the desired behavior, with gradually tightening tolerances. Essentially,
the robot is guided through action space, being reinforced for closer and closer approximations to,
and eventually converging on, the desired behavior.

In sum, we have presented a novel robot learning system that is based on principles from
instrumental conditioning in animals. These principles are incorporated into a computational model
of shaping which is based on behavior editing to transform pre-existing actions into novel behaviors.
In this paper, we show how the model allows a human trainer to teach a mobile robot several tasks,
all derived from the same underlying behavior sequence. Aspects of our approach, such as use of a
human trainer and training through reinforcement, have driven work in several different research
areas. We are attempting to extend these efforts by building a learning system that replicates as
many established instrumental learning phenomena as possible. It is our hope that a model which
incorporates these various aspects of animal learning will yield a richer and more robust method
for training mobile robots, and at the same time will provide a new perspective on the mechanisms
underlying animal learning.
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Figure Captions

Figure 1: A basic object pursuit behavior sequence.
Figure 2: Interruption of the object pursuit sequence by food reinforcement from the trainer.

Figure 3: After a number of interrupted trials the importance of the sight of food for triggering
the object pursuit sequence decreases. At the same time, since the “beg” command has been
consistently presented, the associative strength between the commanded and the rewarded behavior
increases.

Figure 4: The sight of food as a controlling stimulus has been faded, and now the dog will beg in
response to the command alone.

Figure 5: Basic behavior sequence for the robot, defined in terms of states and links. Transition
links connect states at the same level of abstraction; sub-state activation links connect an abstract
state with one or more concrete realizations.

Figure 6: An example precondition.

Figure 7: Status of pre- and postconditions for the approach target state when the robot is 100 cm
from the target. Aggregate control of the three postconditions is less than 0.1. (Below threshold
of 0.5.)

Figure 8: Status of pre- and postconditions for the approach-object state after the robot has moved
within reach of the target. Aggregate control of the three postconditions is 0.6. (Above threshold
of 0.5.)

Figure 9: Amelia being trained to put toys in the bin.
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Figure 2: Interruption of the object pursuit sequence by food reinforcement from the trainer.
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Figure 3: After a number of interrupted trials the importance of the sight of food for triggering
the object pursuit sequence decreases. At the same time, since the “beg” command has been
consistently presented, the associative strength between the command and the rewarded behavior
increases.
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PRECONDITION
NAME

PARAMETERS

SENSOR
INPUTS

COMPUTED
VALUES

TARGET COLOR

Expected target RGB (H) = < 240,65, 135>

Variance (02) = (1000 1000 1000)

Associative strength(V) = 0.5

Actual target RGB = < 247, 67, 133 >

Match strength (M) = 0.995
Associability (a) =0.1
Control (C) = 0.0495

Figure 6: An example precondition.
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TARGET PRESENT

0—2
V=05

r

DISTANCE TO TARGET

Target detected = 1

M=1.0
a =01

L Control = 0.05

MOVE

FORWARD

U =15cm
02 =1000cm 2
V =0.05

Distance to target = 100 cm

M = 0.998
a =01
Control = 0.005

DISTANCE MOVED

U =0cm

2 2
0“ =1000cm
VvV =0.05

Distance moved =0 cm

M=1.0
a =01

L Control = 0.005

p
TARGET WITHIN REACH

H=5cm

2 2
0O =10cm
V=05

Target distance = 100 cm

M=0.0
a =0.05
Control = 0.0
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TARGET PRESENT

0—2
V=05

r

DISTANCE TO TARGET

Target detected = 1

M=1.0
a =01

L Control = 0.05

MOVE

FORWARD

U =15cm
02 =1000cm 2
V =0.05

Distance to target =5 cm

M = 0.998
a =01
Control = 0.005

DISTANCE MOVED

U =0cm

2 2
0“ =1000cm
VvV =0.05

Distance moved = 95 cm

M=1.0
a =01

L Control = 0.005

p
TARGET WITHIN REACH

H=5cm

2 2
0O =10cm
V=05

Target distance =5 cm

M=1.0
a =0.05
Control = 0.05




Figure 9: Amelia being trained to put toys in the bin.
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