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Abstract

Recently considerable interest in behavior-based
robots has been generated by industrial, space
and defence related activities. Such indepen-
dent robots are envisioned to perform tasks where
safety or economic factors prevent direct hu-
man control and communication difficulties pre-
vent easy remote control. Although many suc-
cesses have been reported using behavior-based
robots with prespecified skills and behaviors, it
is clear that there are many more applications
where learning and adaptation are required. In
this research, a method whereby reinforcement
learning can be combined into a behavior based
control system is presented. Skills and behav-
iors which are impossible or impractical to em-
bed as predetermined responses are learned by the
robot through exploration and discovery using a
temporal difference reinforcement learning tech-
nique. This results in what is referred to as a
Distributed Adaptive Control System (DACS), 
effect the robot’s artificial nervous system. Pre-
sented in this paper is only a general overview
of the DACS architecture with many details ne-
glected. A DACS is then developed for a simu-
lated quadruped mobile robot. The locomotion
and body coordination behavioral levels are iso-
lated and evaluated.

1 Introduction

Although conventional control and artificial intelli-
gence researchers have made many advances, neither ap-
proach seems capable of realizing autonomous operation.
That is, neither one can produce machines which can in-
teract with the world with an ease comparable to that
of humans or at least higher animals. In response to
such limitations, many researchers have looked to bi-
ologically/physiologically based systems as the motiva-
tion to design artificial systems [1]. As an example are
the behavior-based systems of Brooks [2] and Beer [3].
Although many variations exist behavior-based control

systems generally consist of an interacting structure of
simple behavior modules. In some cases each module is
responsible for the sensory motor responses of a partic-
ular behavioral level. The overall effect is that higher
level behaviors are recursively built upon lower ones and
the resulting system operates in a self-organizing man-
ner. Both Brooks’ and Beer’s systems were loosely based
upon the nervous systems of insects. These artificial in-
sects operated with a set of prespecified and hardwired
(non-adapting) rules and were shown to exhibit an in-
teresting repertoire of simple behaviors. Although this
approach has shown successes, it is obvious that there
are many situations where predetermined solutions are
impossible or impractical to obtain. It is therefore pro-
posed that by incorporating learning into the behavior-
based control system, these difficult behaviors could be
acquired autonomously through exploration, discovery
and learning.

Complex behaviors are usually characterized by a se-
quence of actions with a critical error signal (success or
failure) with success becoming evident only at the end
of that sequence. Thus, the required learning mech-
anism must be capable of both reinforcement learning
as well as temporal credit assignment. Incremental dy-
namic programming techniques such as Barto and Sut-
ton’s [4] temporal difference (TD) appear to be well
suited to such tasks. Based upon their previous work
in adaptive heuristic critics [5], TD employs adaptive
state and action evaluation functions to incrementally
improve an action policy until successful operation is at-
tained. The incorporation of TD learning into behavior
based control results in a framework of Adaptive Be-
havior Modules (ABMs) which is referred to here as 
Distributed Adaptive Control System (DACS). This pa-
per provides only a brief description of the DACS and
ABMs and the implementation of the interacting behav-
ioral levels of locomotion and body coordination on a
simulated quadruped mobile robot. A more detailed de-
velopment is available in elsewhere[6]. Examples of other
behavioral levels for the robot, including global navi-
gation, task planning and task coordination are imple-
mented and discussed by Digney [7] [8]. Additional work,
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concerned with improving DACS viability in real appli-
cations for autonomous, semi-autonomous, tele-operated
and tele-autonomous operations, is currently being pur-
sued.

Although this work was performed in the context of
mobile robotics the concepts developed can be applied
to areas of process control and intelligent manufactur-
ing. Manufacturing plants with such adaptive nervous
systems may be able learn to operate efficiently and then
adapt as to changes that occur. Furthermore, by increas-
ing the intelligent capabilities of the plant the human ef-
fort required during product transitions would be greatly
reduced as the plant itself would be in part responsible
of the learning and configuring to the new tasks.

2 Adaptive Behavior Modules

Within a behavior-based control system, each individ-
ual behavioral level is established through connections
to the environment via sensors and to actuators or to
other behaviors via command signals. The individual
behavioral levels of a DACS are established in a similar
manner. Sensory connections are used to establish the
system state, goal state, and the sensory based reinforce-
ment vectors. Command and reinforcement connections
are used to connect individual ABMs within the DACS’s
framework. The system state vector represents the con-
nections to sensors which establish the system state of
the behavioral level. The goal state vector represents
the connections to sensors which define system state lo-
cations or transitions which may be of use to higher be-
havioral levels. The sensory based reinforcement vector
represents the connections to sensors monitoring the con-
dition of the robot’s components that might be damaged
by the actions or inactions of that behavioral level.

It is acknowledged that these connections do represent
a hand decomposition into levels of behavior and as such
do constitute a form of predetermined knowledge. How-
ever, in most applications these connections are straight
forward and it is the internal control strategies compos-
ing the skills and behaviors which are dependent upon
unforeseeable and changing conditions and are often im-
possible or impractical to predetermine. It is not until
the robot’s configuration and capabilities allows for more
general operation and that its desired tasks and envi-
ronment types require the autonomous generation of be-
havioral levels, that emergent and adaptive connections
become necessary. As robots and their tasks become
more general purpose (more animal like) that emergent
structures must be addressed. The concepts of emergent
and adaptive DACS structures and how they inter-relate
with the mechanisms of simulated evolution, autonomous
discovery and learning, external conditioning, communi-
cation and collective intelligence are discussed elsewhere
[7]. A generic adaptive behavior module is shown in Fig-
ure l(a). Details of the command, reinforcement and

sensory signals and connections as well as the details
of the internal learning and adaptive mechanisms of the
adaptive behavior module can be found elsewhere [6] [7].

3 Distributed Adaptive Control Systems

Using the ABM as the adaptive behavioral level build-
ing block, a distributed adaptive control system can
be developed. Figure l(b) schematically illustrates the
DACS as being loosely divided into a hierarchy of inter-
acting behavioral levels. At the highest behavior level
the desired goals are specified with an externally sup-
plied goal based reinforcement signal. Whenever the ac-
tions, or more likely a sequence of actions, of the ac-
tuators have successfully performed the desired task a
favorable goal based reinforcement results at the highest
behavioral level. Otherwise, an unfavorable goal based
reinforcement signal is present. At the lowest level are
the actuators which interact with the environment and
ultimately perform the high level goals. It is the re-
sponsibility of the DACS to learn all the intermediate
skills and behaviors required to bridge the gap between
the desired goal and the actuators. These intermediate
behavior levels are combined in a recursive manner to
form increasingly more complex behaviors. Such com-
plex behaviors cannot be realized using a single adap-
tive sensory-response coupling, but require interaction
between many behavioral levels.

Figure l(b) also shows the conceptual reinforcement
signal flow directions. Environmental based reinforce-
ment originates at the actuators and flows upward to-
ward the highest behavioral level. Sensory based re-
inforcement originates at all behavioral levels and also
flows upward towards the highest behavioral level. Goal
based reinforcement can be thought of as originating
at the highest behavior level and flowing downward
throughout all of the branches of the DACS. These three
signals then compete to influence the operating charac-
teristics of each individual behavioral level and effectively
the collective characteristics of the robot.

Changes and malfunctions can confront the robot and
affect the DACS at any behavioral level. To what ex-
tent the adaptive framework is affected depends upon
the severity of the change. Two categories of change are
defined: severe and non-severe. If adaptation of a sin-
gle behavioral level is adequate for recovery a non-severe
change is said to have occurred. If the adaptation of
adjacent behavioral levels higher up in the framework is
required for recovery, then a severe change is said to have
occurred.

It is straight forward to extend the DACS beyond
an individual and to encompass populations of robots.
The collective and cooperative behavioral levels that re-
sult would learn to control groups of robots rather than
groups of actuators. In the absence of a higher collec-
tive behavior commanding an individual robot, the robot
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Figure 1: Left (a): Adaptive Behavior Module. In generic form, the behavioral level is established by its sensory
connections to the world as well as by its command and reinforcement connections within the DACS’s adaptive
framework. Right (b): Schematic of Typical DACS. Each reinforcement signal’s point of origin and flow direction 
indicated by the large arrows.

can be made to learn some desired task by defining an
instinctive drive. The instinctive drive of a robot is spec-
ified as some system state transition at the highest be-
havioral level of the DACS that establishes the purpose
of the robot. This system state transition is externally
specified as being desirable and results in a favorable
goal based reinforcement signal. This single external re-
inforcement signal contains no information from which a
correct response or specific skills and behaviors can be
inferred. This signal can only be used to drive the robot’s
DACS to discover and learn the skills and behaviors nec-
essary to fulfill this instinctive drive.

4 DACS for a Quadruped Mobile Robot

4.1 Robot and DACS Configuration

A simulated quadruped mobile robot was used to
investigate the DACS architecture. The robot was
equipped with all the actuator and sensory systems re-
quired for successful operation in its intended environ-
ment. It had four, two degree of freedom legs and a hop-
per into which it could load and transport substances. If
controlled properly, these actuators would be sufficient
for the performance of its intended tasks as well as for
its survival. The robot was capable of perceiving its ex-
ternal world using visual, sonar and tactile sensors as
well as monitoring its own internal states. At the chosen
level of abstraction, the robot model neglected dynamics

and the sensors and actuators were assumed ideal, al-
though in other work [7] a tolerance to non-ideal sensors
and actuators was demonstrated.

A DACS was developed for the robot which was then
given an open-ended task embedded as an instinctive
drive. The robot was externally rewarded whenever it
eradicated or rendered benign an undesirable substance
from its world. Once the robot was placed inside the
simulated three dimensional world it was left to develop
skills and behaviors as it interacted with its environment.

The DACS used to control the robot is shown schemat-
ically in Figure 2(a). It consists of six adaptive behavior
modules distributed over the behavioral levels of loco-
motion (LM), body coordination (BC), local navigation
(LN), global navigation (GN), task planning (TP) 
task coordination (TC). The robot’s actuators for its leg
and loading mechanisms are shown at the bottom of that
hierarchy. Figure 2(a) shows only the command and re-
inforcement signal paths between behavioral levels. In
this paper only the two interacting behavioral levels of
locomotion and body coordination will be investigated.

4.2 Locomotion (LM)

Although not the most efficient method of locomotion,
walking provides many interesting and challenging prob-
lems for the proposed learning and adaptive systems.
Quadrupedal walking requires the learning of complex
actuator sequences in the midst of numerous false goal
state locations and modes of failure. Quadruped loco-



Abstract Behavior Levels A -- Single task (instinctive drive)

~_....~T p
u ..~...............~: LJ

Goal State: (BC)
(body motion

.... sensors)
-7 i

~ System State:
--I ((leg positions) Locomotion

] raarlaftleg J ...... :i I g I (foot forces)
~

(LM)

~’"’~ .... IL~
~~

Sensory Based
Reinforcement: -~

T

[ rsar right legI
Ifront dght leg ] (belly Interference)

Command signals
Reinforcement signals ....

Goal State:
(target proximity)
System State:
(sonar sensors)
(tactile sensors)
Sensory Based
Reinforcement: -7 t
(body interference)
(acceleration sensors) Environmental based

reinforcement from :
(LM)

Environment based Commands from:
reinforcement to: (Task Planning (TP))
(TP)

~ Actions to:
Body Coordination (Locomotion(LM))

(BC)

Environment based Commands from:
reinforcement to: (Local Naviagation(LN))

(Body System Coordinatlon(BC))

~.~Actions to:
(Leg actuators)

Environmental based
reinforcement from :
(leg actuators)

Figure 2: Left(a): DACS for a Single Quadruped Robot. In (a) the dashed lines represent environmental based
reinforcement signals and the solid lines represent command signals. Right(b):Locomotion and Body Coordination
Behavioral Levels. In (b) the adaptive behavior module for learning locomotion and body coordination skills for the
mobile robot are detailed with the sensory, reinforcement and command connections as indicated.

motion particularly exploits the temporal credit assign-
ment and cyclic goal capabilities of the DACS. Shown
in Figure 2(b) is the locomotion ABM with its sensory,
reinforcement and motor action connections.

4.3 Body Coordination (BC)

The body coordination ABM utilizes the goal states
of the lower level locomotion ABM. The gaits of the lo-
comotion ABM become valid commands which are to be
used by the body coordination ABM. These movements
are referenced relative to some goal substance location
and are often performed in the vicinity of local features.
When a substance of interest enters the robot’s local sen-
sor range it is the responsibility of the body coordination
ABM to coordinate the body movements in such a way
as to discover and learn useful behaviors. This behav-
ioral level is established in general form by its goal state
vector, but the exact behaviors that are possible are un-
known. They are expected to include moving the robot
into loading position or moving it away from the target
substance. The body coordination ABM with its sen-
sory, reinforcement and action connections is shown in
Figure 2(b). Body coordination is an intermediate be-

havior level which does not interact with the world di-
rectly, but indirectly through the locomotion ABM. The
complexity of the skills capable of being learned in this
adaptive hierarchical structure becomes evident at this
behavioral level.

5 Simulation and Results

5.1 Locomotion

5.1.1 Physical Constraints and Assumptions

The responsibility of the locomotion ABM was to dis-
cover all possible gaits and then learn the actuator se-
quences required to perform them. Quadruped locomo-
tion over a solid surface involved both balance and move-
ment in the desired direction. The robot was assumed
to be balanced, with its body free of contact with the
surface of the world whenever a straight line could be
drawn between any two legs in contact with the ground
that passed through the robot’s center of gravity. In ef-
fect, at least two diagonally opposite legs had to be in
contact with the ground at the same time for the robot
to be balanced. In this simulation, the quadruped mo-
bile robot was assumed to be moving if all the legs in
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contact with the ground were applying forces such that
their collective effort resulted in the desired motion of
the robot body. If the desired motion resulted a 0 val-
ued goal base reinforcement signal replaced the otherwise
high negative value of Rg. No movement occurred if any
leg was applying a force that opposed the desired motion
and a reinforcement of Rnlgn was then sent from that
actuator. Rnom and Rhigh reinforcements resulted from
the normal and restricted or over-extended leg actuator
movements, respectively. Sensory based reinforcement
was used to condition the robot to walk in a safe man-
ner. When operating on a solid surface, the safety of the
robot required that the robot move with its body free of
the ground. Hence, any resulting gaits which the robot
learned had to also suspend and balance the robot above
the ground. The body interference sensor on the belly
of the robot supplied Rhigh sensory based reinforcement
when it was in contact with a damaging surface and 0
whenever the robot was safely suspended.

5.1.2 Results

The locomotion ABM quickly discovered and learned
its possible skills. Initially, the leg movements were ran-
dom as the robot began exploring both its own inter-
nal operating characteristics and its external surround-
ings. As the locomotion ABM gained experience, four
realizable gaits emerged. After the robot had mastered
all of its realizable gaits, an internal malfunction was
introduced. This malfunction specifically involved the
disabling of the horizontal actuator on a single leg. Ef-
fectively, the robot was then capable of only support-
ing itself and incapable of applying any horizontal forces
with that disabled leg. After a short period of adapta-
tion the robot recovered and had re-learned all the gaits
and transitions. If the malfunction had rendered the
robot incapable of a previously learned gait, adaptation
of higher behavioral level(s) would have been required
and a severe change would have occurred.

Figure 3 shows the total reinforcement signal for the
forward gait experienced during the initial learning and
recovery an malfunction. The vertical axis of this per-
formance curve shows the total reinforcement occurring
for each successful step taken and the horizontal axis in-
dicates the number of steps taken. In this plot the robot
was alternating between gaits at ten step intervals. This
allowed for transitions between gaits to be learned and
investigated as well. Gait learning was evident in the
rapid improvement section of Figure 3, while the section
of slower improvement was where the gait transitions
were learned. The converged leg sequence for the intact
forward gaits is shown in Figure 4. Considering the end
of the robot closest to the reader as the front, lego, leg1,
leg.2, and leg3 are the right front, left front, left rear, and
right rear legs, respectively. The actuator extensions, vex
and hex, resulted in downward and forward movements
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Figure 3: The Performance of the Locomotion ABM.
The performance of the locomotion behavioral level while
learning the forward gait. Note the initial period of
poor performance and the rapid improvement to opti-
mum gaits. The recovery from an actuator malfunction
is also indicated.

of a leg, respectively. The actuator retractions, vr, and
hrt, resulted in upward and backward movements of the
leg, respectively. The intact forward gait’s command,
czeg°, cleg1, c~eg2 and czeg3, and reinforcement signals, re,
rg and r,, are listed in Table 1. Environmental, goal and
sensory based reinforcement signals are represented by
re, rg and rs, respectively.

5.2 Body Coordination

5.2.1 Physical Constraints and Assumptions

Once a substance was detected within range of the
local sensor system, it became the responsibility of the
body coordination ABM to coordinate the robot’s ac-
tions such that useful behaviors resulted. These behav-
iors included the learning of movement sequences to ei-
ther capture or avoid the target substance. When a de-
sired behavior was completed a 0 valued goal based re-
inforcement resulted while a high negative value of Rg
was present otherwise. In this particular environment
contact of the robot body with a rock was damaging and
undesirable. Any such contact was detected or felt by the
body interference sensors and resulted in a Rhlgh sensory
based reinforcement signal. Furthermore, the presence of
a rock physically prevented further motion in that direc-
tion. Contact with a hole was also considered undesirable
and resulted in Rhigh sensory based reinforcement from
the internal acceleration sensors.

5.2.2 Results

When considering the two possible behaviors of avoid
and capture, it was seen that the capture behavior re-
quired the learning of the most challenging and interest-
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Table 1: Command and Reinforcement Signals: Final Forward Gait Control Strategy.

Frame Actions Reinforcements Comments
k eleg° cleg1 eleg~ cleg3 re rg r:

No forward motion (leg reset motion)
Forward motion (productive motion)
No forward motion (leg reset motion)
Forward motion (productive motion)

Freme ’i Frame 2

Frame 4

Figure 4: Leg Sequence of Locomotion ABM: Forward.
Final leg actuator sequence for the forward gait control
strategy. Note the action sequence is, frame 1, 2, 3, 4, 1,
2, 3, ....

ing movement strategies, while the avoid behavior sim-
ply resulted in the robot scurrying away from the target.
Therefore, the capture behavior was chosen to be exam-
ined in detail. To make this behavior even more difficult,
the robot was considered permanently incapable of per-
forming the backward gait.

The performance of the robot at learning the capture
behavior is shown in Figure 5. The vertical axis shows
the total reinforcement encountered per target capture
and the horizontal axis indicates the current capture at-
tempt. This plot shows initial poor performance which
eventually improved to some optimum performance. In
addition to having the backward gait disabled, the robot
then had its left turn gait disabled. The body coordi-
nation ABM then relearned the capture behavior with
only the forward and right turn gaits available. Initially
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Figure 5: The Performance of the Body Coordination
ABM. The performance of the body coordination be-
havioral level while learning the capture behavior. Note
the period of poor performance eventually improving to
some optimum level and the recovery from the disabling
of the left turn gait.

the robot wandered around unproductively, hitting rocks
and going through holes. Eventually a safe, efficient and
productive capture behavior was learned as indicated in
Figure 6 and Table 2.

6 Conclusions

The research described in this paper was initiated to
realize a higher level of autonomy in robotic control
systems. This resulted in an intelligent robot capable
of autonomously learning tasks bounded by its sensory
and physical capabilities. This increase in autonomy
was attained by the incorporation of physiologically mo-
tivated learning and adaptation techniques within the
robot’s control system rather than by simply increasing
the amount of predetermined and embedded informa-
tion. The robot learned what it needed during operation
and was not burdened by, or limited to the predeter-
mined actions and responses of its designers. It is clear
that the level of abstraction used in these simulations is
a significant departure from reality. However, these sim-
plifications were necessary for these preliminary investi-
gations. Ongoing work in continuous state and actions
spaces, emergent structures, robot conditioning, robot-
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Table 2: Command and Reinforcement Signals: Final Capture Control Strategy.

Step Actions Reinforcements

k cTM re r~l rs
1 left Rnom Rg 0
2 forward Rnom Rg 0
3 right Rnom R# 0
4 forward Rnom Rg 0
5 left R,o,~ Rg 0

5 forward Rnom Rg 0

6 forward Rnom 0 0

Comments

Turns in line with target (as detected by sonar sensors)
Contacts hole with (as detected by tactile sensors)
Turns to avoid hole (as detected by tactile sensors)
Goes around hole (as detected by tactile sensors)
In line with target (as detected by sonar sensors)
Target close (as detected by sonar sensors)
Target captured (as detected by proximity sensor)

Figure 6: The quadruped mobile robot using a final con-
verged control strategy to capture the substance. Note
the avoidance of obstacles and the efficient performance.
The rocks are represented by the tall blocks, the target
by the flat plate, holes by the inverted pyramids and the
robot by the sequence of long blocks.

human interfaces and tele-autonomy is leading to imple-
mentation on a real robot operating in a real environ-
ment.
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