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Abstract

This paper addresses the issue of continual,
incremental development of behaviors in re-
active agents. The reactive agents are neural-
network based and use reinforcement learn-
ing techniques.

A continually developing system is one that is
constantly capable of extending its repertoire
of behaviors. An agent increases its reper-
toire of behaviors in order to increase its per-
formance in and understanding of its environ-
ment. Continual development requires an un-
limited growth potential; that is, it requires a
system that can constantly augment current
behaviors with new behaviors, perhaps using
the current ones as a foundation for those
that come next. It also requires a process
for organizing behaviors in meaningful ways
and a method for assigning credit properly to
sequences of behaviors, where each behavior
may itself be an arbitrarily long sequence.

The solution proposed here is hierarchical
and bottom up. I introduce a new kind of
neuron (termed a “bion”), whose characteris-
tics permit it to be automatically constructed
into sensory-motor hierarchies as determined
by experience. The bion is being developed to
resolve the problems of incremental growth,
temporal history limitation, network organi-
zation, and credit assignment among compo-
nent behaviors.

1 INTRODUCTION

The real world is characterized by a seemingly unlim-
ited degree of detail and regularity. Regularity occurs
at multiple scales and to various extents. The sim-
plest organisms may find regularity such as correla-
tions between scent and food, or movement and dan-
ger, which allow the organism to survive and succeed.
More developed creatures recognize subtler concepts—

such as the patterns of movement involved in mate se-
lection rituals—and carry out complex behaviors such
as hunting and stalking prey. Humans are capable of
grasping ever more complicated concepts as they ma-
ture, beginning with a small set of organized behaviors,
constantly augmented by more and more complex be-
haviors. The world supports this continual learning
process by providing a never ending multitude of com-
plexities.

1.1 PROBLEMS

In order to construct an agent capable of continual de-
velopment in a complex environment, there are several
issues that must be addressed, including the following;:

1. Discovering which behaviors are worth learning.

2. Recording events for indefinitely long periods of
time (the history limitation problem).

3. Organizing behaviors in useful and accessible
ways.

4. Assigning credit to those behaviors responsible for
achieving rewards.

First, each of the agent’s behaviors should be useful
to the agent in some way, and it would be especially
desirable if the behavior was known to be beneficial
before being acquired. (A behavior could be defined
here as a sequence of changes an agent brings about in
itself or its environment). Second, the behaviors must
be capable of spanning arbitrarily large time periods,
since regularities in the environment may exist at all
time scales. In order to learn a sequence of individual
events, an agent will need to keep track of informa-
tion over time scales larger than that of the individual
events. Third, with a potentially enormous number
of behaviors, there will need to be a way of organiz-
ing them so that they can be used and accessed easily,
regardless of their possible complexities. Fourth, dur-
ing reinforcement learning, those behaviors which are
instrumental in securing a reward should receive the
reward.



1.2 SOLUTION

The solution I propose to each of these is as follows:

1. Build behavior hierarchies from the bottom up.

2. Construct each behavior such that it will occur
over some time period.

3. Distinguish between the selection of a behavior,
its execution, and its accomplishment.

4. Assign credit to the highest level selections made.

The first aspect of the solution is the bottom up con-
struction of sensory-motor behavior hierarchies. Af-
ter low-level behaviors are learned, the agent will use
them together in different ways, constituting higher-
level behaviors. Moving south, for example, could be
a low-level behavior; moving West could be another.
These could then be combined into a single higher-
level behavior: Move South, then Move West. This
process can continue to encompass ever larger groups
of behavior.

Second, the history limitation problem can be solved if
each behavior occupies some temporal span. Then, a
higher-level behavior will occupy a time span propor-
tional to the sum of the duration of its components.
This can continue indefinitely to allow behaviors of any
duration.

Third, a distinction must be drawn between the se-
lection of a behavior—reflecting a decision made by
the agent—and the subsequent execution of its compo-
nents. This allows the agent to operate at the simplest
level possible at all times, always making simple high-
level decisions, even though the complexity entailed by
these decisions might be very great. When the behav-
ior has been accomplished, this fact should be signaled
in such a way that successive decisions can be informed
as to the events that have recently occurred.

Fourth, reinforcement should be credited to the deci-
stons made, not to the details entailed by the decision.
This “chunking” approach (Miller, 1956) to reinforce-
ment learning allows the pairing of decisions instru-
mental to securing a reward with the reward itself over
arbitrarily large periods of time. And it does this by
utilizing the regularities the agent has already learned
about the environment.

Take for example the task of learning to go down a
street to a lamp-post and then to turn left. The agent
first needs to move down the street, constantly sens-
ing its environment until it arrives at the lamp-post.
It then needs to study the object until it can be rec-
ognized as a lamp-post. Then it needs to turn left
and proceed. Each of these three activities might re-
quire a large number of time-steps involving many sen-
sations and many actions. If standard reinforcement
techniques were used, such as described in Barto et al.
(1983), discussed next, then successfully delivering the

reward received at the end of the activity to the be-
haviors involved could require very many trials. This
is because standard methods reinforce each time step
of the process, and the reinforcement is applied more
and more weakly farther from the reward.

On the other hand, if the agent had already learned
and separately encapsulated the behaviors of moving
down a street, recognizing a lamp-post, and turning
left, then credit would need only be assigned to these
three, high-level behaviors, no matter what their time
scale.

2 TRADITIONAL DESIGNS

Feed-forward neural networks and recurrent neural
networks are two traditional methods used to address
learning problems in reactive agents. For example, the
Adaptive Critic Element (ACE) (Barto et al., 1983),
uses feed-forward networks. These networks map cur-
rent environmental states directly into actions. The
ACE is a useful credit assignment device, since it
spreads reward back in time to the decisions that
caused the reward to be received. Feed-forward net-
works, however, can only make decisions based on in-
formation from the current sensory data alone (or from
a fixed past number of steps, if delay-lines are used).
There is no way for arbitrarily long histories to be
generated, nor for regularities in the environment to
be captured.

Recurrent networks, on the other hand, allow infor-
mation to be held for indefinite periods of time. Com-
bined with the ACE they can be effective reinforce-
ment learning machines (Schmidhuber, 1990a). How-
ever, they too suffer from (1) a difficulty in correlating
behaviors with distant rewards, (2) network size limi-
tations, and (3) an inability to modularize and incre-
mentally augment behaviors.

Regarding (1), it has been shown that recurrent net-
works lose information very rapidly (Servan-Schreiber
et al., 1988). Unless information is used for a deci-
sion soon after it becomes available, the network will
not retain it. The ACE is therefore a useful addition
to the recurrent network (cf. Schmidhuber), since it
seems to transport the effect of a distant reward to
the decision(s) that caused it. But the reward must
pass backwards over a number of previous states lin-
early related to the number of time steps occurring be-
tween the initial decisions and the subsequent reward.
It therefore suffers from a brittleness encountered by
Wilson (Wilson, 1989) with long classifier chains us-
ing the bucket brigade algorithm of Holland (Holland,
1975).

Secondly, the recurrent networks are of fixed size and
face eventual saturation, though it’s not clear yet when
and to what degree this happens. And thirdly, the
networks do not show (or have not yet shown), any



ability to augment behaviors continuously in any kind
of incremental, hierarchical fashion as proposed above.
(Though this issue has been dealt with in other ways.
See section 4.)

3 HIERARCHIES OF “BIONS”

A “bion” is a new kind of neuron under development
to allow the hierarchical accumulation of behaviors.
Each bion represents a single behavior; where a be-
havior may be a sensation, an action, or a higher-level
sequence of lower level behaviors.

A “bion” is so termed due to its dual nature: All bions
that do not represent primitive sensations or actions
have exactly two other bions as components. Also,
all bions have two complementary functions: (a) exe-
cution of a specific behavior, and (b) perception that
this same behavior has occurred. It therefore is dia-
gramed, as in figure 1, with two parts: the intention
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Figure 1: A Higher-level Bion Presiding Over The
Transition From A Second Bion (Condition) To A
Third (Consequent).

component, which causes the system to begin a cer-
tain behavior, and the perception component, which
becomes activated when that same behavior has actu-
ally occurred.

For example, there may be a primitive action: “Move
West.” When the intention component of the bion
responsible for moving west is activated, the agent at-
tempts to move west. When the agent does success-
fully move west, the perception component of the bion
turns on.

The intention component of a primitive sensory bion
has no effect in the current implementation (though
it does indicate the agent’s intention or expectation
to perceive the sensation). The perception component
signals whether or not the condition monitored by the
sensor has occurred in the world. For example, if a
robot had a sensor for detecting a wall to its north
side, 1t would have a bion whose perception component

comes on whenever there is a wall to the robot’s north.

The hierarchical nature of the bion is also shown in
figure 1 by the higher-level bion’s relationship with the
two bions beneath it. The higher-level bion presides
over the transition between the two lower-level bions,
which might or might not be primitive. The lower
bion on the left is called the “condition” and is the
first bion of the transition sequence. The bion on the
right is called the “consequent” and follows temporally
after the completion of the first bion.

If we view the condition and consequent as represent-
ing behaviors, then the intention component of the
higher-level bion, when activated, causes the condi-
tion’s behavior to execute, and then, upon its comple-
tion causes the consequent’s behavior to occur. When
the sequence of these two behaviors has occurred, the
perception component of the higher-level bion turns
on. Thus, the presiding higher-level bion represents
the combined behavior of the condition followed by
the consequent. The intention component causes the
behavior to occur, and the perception component reg-
isters that it has occurred.

3.1 BEHAVIOR OF A BION

The specific details of the bion’s mechanics and func-
tionality are quite complicated, and space allows only
a general outline of its behavior.

When the intention component of a non-primitive bion
is activated, it (1) turns on the intention component
of its condition, (thus beginning the execution of its
condition’s behavior), and (2) opens the connection
(i.e., closes the gate) from the perception component
of its condition to the intention component of its con-
sequent. When the perception component of the con-
dition comes on, a signal is sent through the now open
connection to the intention component of the conse-
quent, thus initiating the behavior of the consequent.

The perception component of a higher-level bion sim-
ply signals that the bion’s behavior has completed. It
does this by becoming active when the perception com-
ponent of its condition has come on and then is fol-
lowed by the activation of the perception component
of its consequent.

The intention component of a bion receives input from
two sources: (a) from the intention component of any
higher-level bion of which it is the condition, and (b)
from the perception component of all bions connected
to it through the gated or ungated modifiable con-
nections. The strength of the input in (a) is fixed at
the time the bion is created and depends only on the
activation of the higher-level bion’s intention compo-
nent; but the strength of the input in (b) depends
on the weights of the modifiable connections between
the bions. These modifiable connections fully connect
the network: there i1s one from the perception compo-



nent of each bion to the intention component of each
bion. They are roughly equivalent to the asymmetric
connections of standard neural networks except that
here, each connection may be gated if a higher-level
bion has been created to gate it (to be explained in
section 3.3).

3.2 AN EXAMPLE

Figure 2 shows an example of the activity in a small
bion hierarchy as it progresses through four succes-
sive time steps. The hierarchy represents the be-
havior: “Move west, then, if there is a wall to the
north, move south.” 1In the first time-step, tg, the
top-level bion is chosen for execution (i.e., its inten-
tion component is activated). The top-level bion then,
in the same time-step, activates the intention compo-
nent of its condition, Move West, and opens the connec-
tion from its condition to its consequent, <WallNorth
MoveSouth>. At that point, the agent’s MoveWest
actuator attempts to move the agent west.

to <MoveWest <WallNorth MoveSouth>>
MoveWest <WallNorth MoveSouth>
WallNorth MoveSouth
tl <MoveWest <WallNorth MoveSouth>>
MoveWest <WallNorth MoveSouth>
WallNorth MoveSouth
t 2 <MoveWest <WallNorth MoveSouth>>
MoveWest <WallNorth MoveSouth>
WallNorth MoveSouth
t3 <MoveWest <WallNorth MoveSouth>>
MoveWest <WallNorth MoveSouth>
WallNorth MoveSouth

Figure 2: The Activity In A Small Bion Hierarchy As
It Progresses Through Four Successive Time Steps.

Assuming the move is successful, at ¢; the perception
component of the MoveWest bion is turned on to re-
flect that the move has occurred. Because the con-
nection from MoveWest to <WallNorth MoveSouth>
is open, the intention component of the latter is acti-
vated, which causes its condition to be activated, and

the connection from its condition to its consequent to
be opened. (But since the condition of <WallNorth
MoveSouth> is a sense, WallNorth, the activation of
its intention component has no effect, as was described
in section 3.) However, in this example there is a wall
to the north, so the perception component of the Wall-
North sensory bion is activated.

At 5, the intention component of MoveSouth is acti-
vated after it receives the signal from the perception
component of the WallNorth bion. Assuming the agent
can actually move south, at ¢3 the perception compo-
nent of MoveSouth turns on, and, since the higher-
level bions <WallNorth MoveSouth> and <MoveWest
<WallNorth MoveSouth>> have completed, their per-
ception components are also turned on.

If an expected signal, such as one from the perception
component of the WallNorth bion, failed to arrive at
the expected time, the behavior sequence would come
to a halt. (There is no explicit signal for failure.) The
system would then randomly chose a bion (any bion)
for execution, biased towards the bions with the great-
est intention activation. Though their activations de-
cay over time, the intention components of the higher-
level bions may still be active, so the behavior could
conceivably continue if the missing signal were to ar-
rive late.

3.3 LEARNING

Modification of the weights can occur at every cycle,
depending on the reward. Learning is accomplished
with the delta rule (Widrow and Hoff, 1960) using re-
inforcement. The intention component of each bion is
taken to be the bion’s output, and the perception com-
ponent is taken to be its target. In any given cycle,
the intention component is compared against the per-
ception component. The difference between the two
is the delta value used to change the bion’s incom-
ing, modifiable weights. The amount by which each
weight should be changed is then calculated, but it is
not applied until a reward is received. While waiting
for a reward, changes to the weights accumulate at
each time step, but they also decay by some amount
at each time step. The weight changes that occur long
before the reward arrives are therefore less effective
than those that occurred more recently. This entire
weight change process is nearly identical to the eligi-
bility trace of Barto et al. (1983) .

When the top-level bion in figure 2 is activated, the
agent has made a single decision to choose it. After
that, no more bions are chosen for execution until the
entire behavior has completed. Once the behavior has
completed, a new bion is chosen. When a sequence of
two bion choices is made repeatedly, the system deter-
mines that their combined behavior is important and
creates a new bion to represent that behavior. The
new bion takes the first bion of the sequence as its



condition and the second as its consequent. The con-
nection it gates is the modifiable connection from the
perception component of the first bion to the intention
component of the second. Its own modifiable connec-
tions are initially set to zero.

Since the perception components are used as tar-
gets, and since these values signal when a behav-
ior has occurred, the agent will learn in each sit-
uation to use those and only those bions repre-
senting behaviors that actually occurred in those
situations. So, though it is possible to create
(e.g. <MoveWest <MoveSouth MoveEast>>, and
<<MoveWest MoveSouth> MoveEast>), in general,
those constructs first built to represent a behavior
will become those used to accomplish that behavior,
thereby reducing the risk of creating redundant con-
cepts.

Finally, since all mechanisms are the same for all
bions, learning is identical at all levels of the hierarchy.
Therefore, extending the agent’s abilities is always the
same, regardless of when in the agent’s development
the learning occurs.

4 RELATED WORK

Bions most closely resemble the nodes described
by Roitblat’s “Cognitive Action Theory,” (Roitblat,
1991). These nodes also have two functions, “potenti-
ation,” and “satisfaction,” which are quite similar to
the intention and perception components of the bion.
The theory, however, does not have a method for incre-
mentally adding new behaviors, though Roitblat does
mention the need to add new nodes. An interesting
characteristic of Roitblat’s system is that his “poten-
tiation” and “satisfaction” functions do not necessar-
ily correspond to a single behavior. Rather, his nodes
represent goals to be accomplished, by any of several
possible means, and “satisfaction” represents the ac-
complishment of the goal.

Also highly related is the work of Wilson, (Wilson,
1989), who has studied classifier-based reactive sys-
tems. His work is notable in that it attempts to resolve
the problem of reinforcement and credit assignment in
long temporal sequences by using hierarchies of classi-
fiers. How the hierarchies would develop is not clear.

Finally, Schmidhuber (Schmidhuber, 1990b) has stud-
ied the problem of task decomposition, explicitly de-
composing tasks into subgoals. He has implemented
what he calls “causality detectors” to discover useful
sequences of behaviors, and then, given a start state
and a goal state uses gradient descent methods to gen-
erate subgoals for purposes of both planning and rein-
forcement.

Unlike both Roitblat’s and Schmidhuber’s work, bion
networks do not require goals. In fact, predefined goals
seem somewhat antithetical to the task of continual
growth and development in an environment. Rather,
it should be the reinforcement which specifies the ten-
dencies of the agent’s behavior.

5 CONCLUSIONS

Experimental work has so far demonstrated the incre-
mental creation and utilization by an agent of small
though useful behaviors such as that of figure 2.

Referring now to the problems posed in section 1.1:

(1) The problem of incremental development of be-
havior is solved by building hierarchies from behaviors
already in the agent’s repertoire. New bions are added
to encapsulate behaviors either used repeatedly by the
agent or used less frequently but accompanied by re-
ward.

(2) Because every higher-level bion represents a tem-
poral behavior—a sequence of its two component
behaviors—it lasts some number of time steps. As
learning progresses, behaviors of any time span what-
ever can be formed by combining two already learned
behaviors into a new behavior whose duration is the
sum of the durations of its components.

(3) Each behavior, no matter how complex, can be-
come represented by a single bion. Decisions made by
the agent are therefore always simple and consist only
in chosing a bion. Once a bion is chosen, its behavior,
no matter how complex, occurs automatically with no
more decisions required by the agent until the behavior
has completed. After the behavior has completed, the
perception component of the bion which represents it
turns on, signaling in a straight-forward manner that
the activity has occurred.

(4) Because decisions are always made at the high-
est level, reinforcement spans back in time, not just
over the previous several time steps or primitive sense-
action pairs, but over the last several decisions. Re-
inforcement has a weak effect on the automatic steps
which must be taken once a decision is made, but it
has a strong effect on the bion choices which actually
resulted in the reward.
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