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Abstract

Reactive controllers has been widely used in mobile robots since they are able to achieve suc-
cessful performance in real-time. However, the configuration of a reactive controller depends
highly on the operating conditions of the robot and the environment; thus, a reactive controller
configured for one class of environments may not perform adequately in another. This paper
presents aformulation of learning adaptive reactive controllers. Adaptive reactive controllers
inherit all the advantages of traditiona reactive controllers, but in addition they are ableto ad-
just themselvesto the current operating conditions of the robot and the environment in order to
improvetask performance. Furthermore, learning adaptive reactive controllers can learn when
and how to adapt the reactive controller so as to achieve effective performance under different
conditions. The paper presents an algorithm for a learning adaptive reactive controller that
combines ideas from case-based reasoning and reinforcement learning to construct a mapping
between the operating conditions of a controller and the appropriate controller configuration;
this mapping is in turn used to adapt the controller configuration dynamicaly. As a case
study, the algorithm is implemented in a robotic navigation system that controls a Denning
MRV-I1I mobilerobot. The system is extensively evaluated using statistical methods to verify
itslearning performance and to understand the relevance of different design parameters on the
performance of the system.

Keywords: Reactive control, multistrategy |earning, case-based reasoning, reinforcement learning,
robotic navigation.
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1 Introduction

Autonomous mobilerobots must perform many complex information processing tasksin real-time.
Furthermore, they must operate successfully under changing environments. These requirements
imposeseveral challengesontheir control systems. To be successful, an autonomousrobotic control
system must be able to process incoming sensory information, decide what action to execute next,
and carry out that action without missing any time deadlines. Reactive controllers has been widely
used in mobilerobots since they are able to achieve successful performanceinreal-time(e.g., Agre,
1987; Arkin, 1989; Brooks, 1986; Kaelbling, 1990; Maes, 1990; Payton, 1986).

Reactive controllers typicaly rely on a combination of severa task-achieving modules, be-
haviors, or schemas to perform a mobile robotic task (e.g., Brooks, 1986; Langer, Rosenblatt, &
Hebert, 1994; Mahadevan & Connell, 1991). That is, a robotic task is decomposed into several
subtasks that the robot must accomplish and execute concurrently. Typically, the system designer
programs specific modules that accomplish each subtask by considering relevant information from
the robot’s sensors to control the robot’s actuators. Each module has a stimul us-response type of
relationship with the world. The response of the robot is the result of the interaction of al the
responses in the system and can be computed according to different schemes, such as subsumption
(e.g., Brooks, 1986), weighted summation (e.g., Arkin, 1989), or voting (e.g., Langer, Rosenblatt,
& Hebert, 1994). There are many advantages of such controllers. Reactive controllers are able to
execute actions in real-time since the modules act like quick “reflexes’ to environmental inputs.
This allows mobile robots to react to sudden changes in the environment. Reactive controllers do
not use complex internal representations to keep an accurate model of the world, nor do they rely
on executing expensive planning processes operating on that model, which may consumeimportant
resources and deteriorate the response time of the robot. Instead, each module in a reactive con-
troller extracts only the relevant information required to execute its particular task. For example, a
robot does not need to recognize achair in order to avoid it. For thistask, an avoid-obstacle module
only needsto know at what distance an obstacle islocated from the robot to suggest an appropriate
response (e.g., the“ avoid-static-obstacl€’” motor schemaof Arkin, 1989). Thus, reactive controllers
are characterized by having robust navigational capabilities and rapid, real-time response to the
environment.

Nevertheless, there is much room for improvement in reactive controllers. Like classica
controllers (see, e.g., Ogata, 1990), reactive controllers have several parameters that affect the
performance of the controlled process. Thus, the performance of any given task executed by a
controller will depend highly on the parameters of the controller and on the operating conditions
of the plant (or robot). For example, a reactive controller may guide a mobile robot successfully
through areas with different number of obstacles. However, if the robot is to accomplish the task
at high performance levels, then different controller parameters will be required for operating on
areas with different numbers or configurations of obstacles (e.g., Ram, Arkin, Moorman, & Clark,
1992). The problem of designing classical controllersthat adapt themselves dynamically has been
addressed by researchers in the subarea of control theory known as adaptive control (see, eg.,
Narendra & Annaswamy, 1989). Adaptive control refersto the control of partially known systems
in which designers know enough about a system to select a particular class of controllers, but
an efficient configuration of the controller is impossible to determine since there is not enough
knowledge about the dynamics of the system to be controlled. Thus, the controller is designed in



such away that it improves its performance by observing the outputs of the process and choosing
the appropriate configuration accordingly. Asthe process unfolds, additional information becomes
available and improved configurations become possible (Bellman, 1959).

During the design of adaptive controllers, the available knowledge about the dynamics of the
system is used to design an adaptive law that the controller can use at run-time to configure itself
and improve task performance. However, such approach is not always directly applicable in the
design of reactive controllers. In order to be flexible, mobile robots must be designed to interact
with unknown environments. Since the dynamics of the process to be controlled is composed from
the dynamics of the robots and the environment, the amount of information known in advance is
usually not enough to use the traditional design tools from adaptive control theory. In particular,
it may not be possible to determine an adaptive law in advance; instead, the system would have to
learn an appropriate adaptive law through experience.

In this paper we present a formulation of learning adaptive reactive controllers for mobile
robots. An adaptive reactive controller is acontroller that inherits all the advantages of traditional
reactive controllers, but dsoitisableto dynamically adjust itself to the current operating conditions
of the robot and the environment to improve task performance. Furthermore, alearning adaptive
reactive controller is one which is able to learn an adaptive law through its own experiences
that can be used to adjust the controller dynamically. Such a controller is an improvement over
an adaptive reactive controller, which can only use a predefined adaptive law to configure the
controller a run time. Combining ideas from adaptive control theory and machine learning, we
propose an agorithm for a learning adaptive reactive controller. The algorithm is implemented in
an autonomous navigational system for a Denning MRV-111 mobile robot.

This paper is organized as follows. Section 2 reviews necessary background from adaptive
control theory and formulates the problem in terms of mobile robot control. Section 3 presents
an algorithm that can be used to implement a learning adaptive reactive controller for autonomous
robotic navigation. Section 4 describesthe application of the proposed a gorithmto aschema-based
reactive controller for aDenning MRV-111 robot. Section 5 describes the experiments, results, and
analysis of results used to evaluate the proposed agorithm. Section 6 discusses relevant points of
the proposed algorithm from the point of view of the theory behind its design. Finaly, Section 7
concludes the paper.

2 Problem Formulation

2.1 Overview

The objective of this section is to formulate a theory of learning adaptive reactive control and
to express the autonomous robotic navigation task in terms of that theory. Autonomous robotic
navigation is defined as the task of moving arobot safely from an initia location to a destination
location in an obstacle-ridden terrain. In most real-world applications, designers do not have
complete knowledge about the environment in which the robot is to navigate; in addition, the
robot must often operate in many different environments. Both situations require that a reactive
controller be able to adapt itself to the particular operating conditions in order to achieve effective
performance. Thus, being able to design and implement adaptive reactive controllers is essential
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for building mobile robots that can perform effectively and flexibly in real-world environments.
An adaptive reactive controller would have a significant advantage over a traditional one since it
would not only be ableto respond in arapid and robust manner but would also be able to regul ate
itself to different operating conditions, thus improving the performance of the navigation task.
In addition, a learning adaptive reactive controller would not only be able to adapt itself to the
operating conditions but would also learn the adaptive law required to perform such adaptations.
The learning capability provides a significant advantage; designers do not need to specify an
adaptive law since the system can synthesize one using its own experience.

2.2 Adaptive Reactive Controllers

Reactive controllers must perform the same function of standard controllers, namely toimplement a
control policy which is a mapping between sensory information and output commands designed to
accomplishtherobot’stask. However, reactive controllershavetwo major differencesfrom standard
controllers. First, a purely reactive controller does not use sensory information to update internal
models of the world that then guide action; instead, it directly uses current sensory information
to select the control commands to execute next. Second, reactive controllers are usually designed
as a combination of modules that interact, each module being responsible for implementing a
specific subtask such as avoiding collisions or moving towards a goal. These two characteristics
allow reactive controllers to perform robustly in real-time since the mapping between sensors
and actuators is implemented as quick reflexes without the reasoning necessary to update detailed
world models (e.g., Arkin, 1989; Balch, Boone, Callins, Forbes, MacKenzie, & Santamaria, 1995;
Brooks, 1986; Langer, Rosenblatt, & Hebert, 1994; Mahadevan & Connell, 1991).

Mathematically, we can represent the policy of a reactive controller as a function mapping the
set of inputs z delivered by the robot’s sensors to the set of outputs v sent to the robot’s actuators:

w=n() @
wherew = (ug, -+, uy) and z = (21, -+, 2,).

We define an adaptive reactive controller as a reactive controller that can modify its control
policy 7(-) onthefly.! For example, the controller might use a pre-programmed model to select an
appropriate control policy based on its observation of the current situation. An adaptive reactive
controller may be classified as parameter adaptive or structurally adaptive. In the former case,
the controller is able to modify a predefined set of components (specifically, modules) through the
use of parameters that can be adjusted dynamically. In the latter case, the controller is able to
modify the structure of the controller by introducing or eliminating components atogether and by
modifying the interconnections between them. Thus, an adaptive controller is parameter adaptive
when it can, for example, modify the intensity of the response of a module by varying a scalar
or gain, such as the minimum allowable distance of approach to an obstacle which influences the

INote that the two tasks, one of using the inputs » to modify a control policy and the other of using the control
policy to determine actuator outputs, may be implemented using a single algorithm which accomplishes both tasksin
an integrated manner. However, since these two subtasks are functionally distinct parts of the overall task of adaptive
reactive control, it is useful to distinguish them in a teleological analysis that takes a design stance (Dennett, 1987)
towards the problem of adaptive reactive control.



“avoid-obstacle” behavior. In contrast, a controller is structurally adaptive if it can interchange
a module, say “move-to-dark-ared’, with another, such as “move-to-bright-area’, or when it can
change the combination mechanism of module responses from, say, subsumption to weighted
summeation.

Structurally adaptive controllers, if designed successfully, might be able to cope with more
drastic environmental changes and achieve better levels of performance than parameter adaptive
controllers. The intuitive reason for thisis that the former contains a much larger set of possible
solutions than the latter. Thus, there may exist solutions obtainable through modification of
the structure of the controller that are not obtainable merely through parameter adjustments.
However, structurally adaptive controllers are very difficult to design because stability properties
cannot be guaranteed due to their mathematical intractability (Narendra & Annaswamy, 1989).
Extensive knowledge about the particul ar processto be controlled must be known before additional
assumptions can bemade and stability propertiescan beguaranteed. Parameter adaptivecontrollers,
in contrast, tend to be more tractable than structurally adaptive controllers because, in the former,
there exists a continuous relationship between the parameters and the behavior of the system,
whereas changesin the structure of the controller may produceradically different system behaviors.
In general, there is no way to guarantee the performance characteristics of these behaviors. In
order that the design of our adaptive reactive controller and its tractability and stability properties
not be dependent on specific knowledge about the dynamics of the environment and the mobile
robot, we have chosen to concentrate on parameter-adaptive reactive controllers in this article.
Additionally, due to the continuous relationship between the parameters and the behavior of the
system, parameter-adaptive reactive controllers can rely on a sufficient, although not necessary,
condition to guarantee stability: in an adaptive system, as long as the adaptations are performed at
amuch dower rate than the dynamics of the system, the system can remain stable (Albus, 1991).

The operation of a controller is successful if it can maintain specific outputs of the system
within prescribed limits. In the case of autonomous robotic navigation, the controller’stask isto
guide the robot to the destination point while avoiding obstacles. Quantitatively, this may be stated
as the determination of the actuator commands «(-) to keep the error e = y,, — y,,, between some
measure of the robot performance y, and a desired measure y,,, within prescribed values> The
performance measure of the robot may consist, among other things, of a subset of preprocessed
sensory inputs (z) such as the current position and the number of collisions at a given instant. The
desired input consists of the desired position (the destination) and number of collisions (zero in
most cases). Note that all perceived inputs may or may not have a desired value specified. For
example, the robot may perceive the distance to the nearest obstacle in addition to its location, but
the objective might specify only a destination location without specifying a desired value for the
robot’s distance to the nearest obstacle.

If the dynamics of the robot and the structure of the environment are completely known, the
structure of the controller can be determined and its parameters chosen as to minimize a desired
performanceindex, such as distance traveled and total number of collisions. When the structure of
the environment is unknown, however, the control problem can be viewed as an adaptive control
problem since the dynamics of the system (in this case, the robot and its environment) are not
known completely in advance and different controller parameters might be appropriate at different

’Thevariablese, y,, and y,,, may be multivariables. In other words, they can be vectoria variables, for example
€= (e1,...,en). Wehave avoided vectorial notationto simplify the presentation in this section.
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Figure 1: Adaptive Reactive Control.

times. Figure 1 shows this formulation of the adaptive reactive control problem.

The autonomous navigation control problem can be stated asfollows. Given arobot R with an
sensor-actuator relationship {z(-), u(-)} and a desired performance reference y,,,, determine w(t)
for al ¢ > 0 such that the performanceindex given in Equation 2 is minimized:

I= /OOO (Y — ym) " Qyp — ym)dt 2

Inthisformulation it is assumed that the output set U of the robot is generated by its controller
C. A practical requirement is that «(-) is bounded such that it can be physically realizable. The
referenceinput y,, isassumed to be bounded and physically realizable. Knowledge about the robot
and the structure of the environment helps in defining the reference input. The structure of the
controller C' is determined using knowledge about the robot and the environment. The controller
is responsible for generating the output commands w(-) using all the sensory information z(-)
availabletoit.

Assuming that thecontroller isparameterized by avector 6, for any given robot and environment,
there exists a parameter vector §* such that Equation 2 is minimized. In most cases, there would
exist more than one 6*, each corresponding to a different set of controller parameters that can be
used to guidetherobot. () in Equation 2 is a positive-definite matrix to guarantee that 7 isaconvex
function. The term (y, — v,») represents the difference vector between the current performance
measure and the reference at a given instance in time. The difference is squared and weighted by
the matrix ¢) and then integrated over the entireworking period (¢ € [0, oc)). Thus, / isameasure
of the deviation of the performance of the system from thereference over the entire working period.
For example, I might track the total number of collisions or the length of the path followed to the
destination location.



Idedlly, the vector 6 should vary over time so that / is minimized. The rule by which 6 is
adjusted over timeis called the adaptive law. Summarizing, the problem of designing an adaptive
reactive controller can be stated as follows:

1. Determine the bounds of the robot’s outputs « and the set of readizable y,,, .
2. Determine the structure of areactive controller C'(6), parameterized by the vector 6.

3. Determine the adaptive law for adjusting ¢ such that a performanceindex I given by Equa-
tion 2 is minimized.

Adaptive reactive controllers can be hand-designed. That is, with enough knowledge about the
robot, the environment, and their interaction, the system designer can synthesize an appropriate
adaptive law such that the performance index improves as compared to a non-adaptive reactive
controller (e.g., Ram, Arkin, Moorman, & Clark, 1992). However, an adternative approach is to
incorporate learning algorithms into the controller and let the robot learn an appropriate adaptive
law with its own experience. Thisis discussed next.

2.3 Learning Adaptive Reactive Controllers

The main requirement of a parameter-adaptive reactive controller isto be ableto apply an adaptive
law to adjust the controller parameters at run-time in order to optimize performance. An adequate
law can be synthesized at design time only when there exists enough information about the system
and its dynamics. However, to design a system capable of dealing with situations not foreseen by
its designer, it is necessary that the system be able not only to apply but aso to learn and refine its
adaptive law using its own experience.

In robotic navigation, sensory information and control parametersare usually represented using
analog values. Thus, the problem of |earning an adaptivelaw can bethought of asfunction synthesis.
Let M denote a general memory device and let D denote the domain under which this memory
is applicable. If z € D, then the expression § = M (x) represents the parameter 6 “recalled”
in “situation” = from memory M. Thus M can be thought of as representing a mapping from
x € D, where z represents the input description of the current situation, to appropriate controller
parameters ¢ for this situation. Note that = may include input information = from the sensors of
therobot aswell asinternal “observations’ about the state of the robot (say, the current value of 4),
since the appropriate parameterization § may in general depend on both kinds of information.

The ideal mapping M* is such that when the robot isin situation z, then 8* = M*(z) isthe
optimal parameterization for the reactive controller for that situation. Since M * is not known
in advance due to the lack of detailed knowledge of the environment and/or the dynamics of the
robot, the objective of the learning algorithm is to incrementally refine the mapping M with every
experience such that M — M* ast — oo, assuming continuous operation. At any given time,
the current mapping M can be used as an adaptive law; in turn, the outcome of the suggested
controller parameterization in a given situation can be observed and used to upgrade the mapping
in a continuous, on-line manner.

In conclusion, in our formulation, reactive controllers can be classified into three categories:
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Category 2.1 (ReactiveController) A controller composed of task-achieving modules. Each
module specializes in accomplishing a specific subtask. The response of the robot is the result
of the interaction of all the modules. A general algorithm for a reactive controller is outlined in
Figure 2.

Category 2.2 (AdaptiveReactive Controller) Areactive controller that isableto adjust itself to
the current operating conditions of the robot and the environment to improve task performance.
Adaptive reactive controllers can be parameter adaptive or structurally adaptive. A parameter-
adaptive reactive controller has a predefined adaptive law that it usesto parameterize the reactive
controller at run-time and improve performance. A general algorithm for a parameter-adaptive
reactive controller isoutlined in Figure 3.

Category 2.3 (Learning Adaptive Reactive Controller) An adaptive reactive controller that is
able to learn an appropriate adaptive law with its own experience. A general algorithm for a
learning parameter-adaptive reactive controller is outlined in Figure 4.

Inthisarticle, we present amachinelearning algorithm called LARC? that | earnsthe adaptive law
for aparameter-adaptivereactive controller. Thealgorithmisfully implementedin SINS* alearning
system for an adaptive schema-based reactive controller for a Denning MRV-I11 mobile robot, and
evaluated through extensive empirical studies. The significance of the resultsisdetermined through
statistical analysis of the empirical results and is discussed in the context of the theory underlying
the implementation. The technical details of the proposed method are discussed next.

3 Approach

We propose a multistrategy case-based and reinforcement learning algorithm, called LARC, as a
mechanism to learn when and how to adapt the parameters of areactive controller in amobilerobot.
With experience, the algorithmis ableto learn and apply an adequate adaptive law to improve task
performance autonomously. The algorithm is based on a combination of ideas from case-based
reasoning and learning, which deals with the issue of using past experiencesto deal with and learn
from novel situations (see Hammond, 1989; Kolodner, 1993), and from reinforcement learning,
which dealswith the issue of strengthening the tendency to produce actions leading to satisfactory
states of affairs (see Sutton, Barto, & Williams, 1991; Thorndike, 1911).

In the LARC agorithm, the adaptive law is represented by a mapping M consisting of a set
of cases containing specific associations between situations and control parameters. Each caseis
applicable in a specific region of the input space D and contains the best guess so far of which
control parameters f the controller isto usein that region of the input space. Cases are formed and
refined by merging past experiences in common regions of the input space and by remembering
which control parameters are useful as measured by a reward signal. System performance is
improved as a consequence of both synthesizing an adaptive law in regions of the input space not

3Learning Adaptive Reactive Control.
4Sdf-Improving Navigational System.



For every perception-action cycle of the robot:
1. Read inputs z fromrobot’'s sensors.

2. Conpute next output conmmands u = m(z).

3. Send output commands u to robot’s actuators.

Figure 2: Outline of a general agorithm for areactive controller.

For every perception-action cycle of the robot:

Read inputs z fromrobot’s sensors.

Use adaptive |law to deci de new controller parameters 4.
Conput e next output conmmands u = 7(z,0).

Send out put commands u to robot’s actuators.

N

Figure 3: Outline of a general agorithm for a parameter-adaptive reactive controller.

or every perception-action cycle of the robot:

Read inputs z fromrobot’s sensors.

Learn and update the adaptive | aw.

Use adaptive |law to deci de new controller parameters 4.
Conput e next output conmmands u = 7(z,0).

Send out put commands u to robot’s actuators.

orwNET

Figure 4: Outline of agenera algorithm for alearning parameter-adaptive reactive controller.



considered previoudy and optimizing the adaptive law in those regions of the input space used
more often.

The main role of the case-based learning strategy is to remember previous successful param-
eterizations of the controller and use (or modify) these parameterizations when the robot faces
similar circunstances. The main role of the reinforcement learning strategy is to strengthen the
content of the cases that contain parameterizations that tend to produce useful results. Thus, the
basic learning scheme involves the following three steps. (1) Given a situation x, use the current
mapping M to generate a controller parameterization § = M (x). (2) Observe the behavior of the
robot R as governed by the controller C'(6) under the suggested parameterization. (3) Update M
based on the outcome according to some optimization criteria. The following subsections describes
the details of the representational structures and algorithmsinvolved.

3.1 CaseRepresentation

The mapping between situations and parameterizationsis represented using a set of cases that are
learned and modified through experience. Each case consists of a time sequence of associations
between situations and control parameters. Situations and control parameters are represented by
points in the input and output spaces respectively. The input space consists of a n-tuple of n
continuous sensory variables sampled at a given instant in time; each variable corresponds to an
observable or computableinput z. Similarly, the output space consists of a p-tuple of p continuous
control parameters sampled at the same instant in time; the p-tuple represents the # at that instant.
Thus, an association represent a situation in the space covered by the robot’s sensory information
and the control parameters that were active while the robot traversed this situation. A sequence
of associations captures a history of situations and their corresponding control parameters over
a short window in time. Using this formulation, a case represents a portion of an adaptive law
which is applicable only at a specific region of the input space. More precisely, since cases
are retrieved by matching the recent history of input variables = and output variables § against
the corresponding graphs represented in the cases, the adaptive law is represented by a mapping
O(tns1) = M((2(tn), ..., 2(tnw+1),0(tn), ..., 0(t—k+1))). In other words, as mentioned earlier,
the situation description = used to retrieve cases consists of external sensory observations =z as well
as “observations’ of internal state (specifically, #) over a suitable window of time represented by
k samplestakenat ¢t = t,,_x11,...,t,. Thisisdiscussed in more detail below. Figure 5 shows an
example of a case. The complete adaptive law is represented by a set of such cases.

The purpose of the learning algorithm isto use previous navigational experiences to create and
refine cases that capture consistent sequences of useful associations. A sequence of associationsis
consistent over time when a controller that uses similar control parameters under similar situations
produces similar results. Such sequences are advantageous because they are a reliable source
of information when the robot faces new situations similar to situations experienced in the past.
For example, when a robot is traversing a new situation it could use the same or similar control
parameters as those used in previous similar situations and hope to get similar results. However,
consistent associations may not always be useful. For example, if a robot detects it is near an
obstacle and lowers the importance of avoiding such obstacle, it is very likely that a collision
will occur. Such a sequence of associations is consistent but not useful since it deteriorates the
navigation performance. The learning algorithm uses an external reward signal to remember only
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Figure 5: Sample representations showing the time history of values representing perceived inputs
and control parameters. Associations between sensory inputs and control parameters are arranged
vertically and the sequence of associations are arranged horizontaly.

those associations that are consistently useful so that, after several experiences, cases will contain
consistent sequences of useful associations.

Situations and control parameters are represented using tuples of real-valued variables. Ana-
logical representations such as real-valued variables are useful for several reasons. First, sensory
information can be quickly processed using real-valued functions to produce a tuple that can be
used to designate the current environmental situation. Fast information processing isarequirement
because reactive controllers must act in real-time. Second, analogical representations, dueto their
fine grain-size, can be modified gradually with new incoming information. Gradual modification
of cases ensuresthat the mapping from situationsto control parametersis updated continuously and
incrementally with every single experience. Such gradual modification of the mapping function
helps to ensure stability in the system since the total behavior of the system is being modifiedin a
continuous fashion. Third, analogical representation allow extrapolation of values. Thisis useful
when a new parameterization is required in aregion of the input space that has not been explored
before. The parameters of adjacent regions can be used to extrapolate the values in the required
region. Finally, analogical representations are able to represent a wide range of situations and
control parameters. This alow cases to capture any sequence of associations as long as they are
proven to be consistent and useful.

An additional innovation introduced in our work is the time-history representation of situations
and control parameters. Keeping time-history information allows explicit representation of causal
patterns between situations and control parameters. Representation of causal patternsisarequisite
for the detection and capture of consistent sequence of associations. Such representations also
allow the system to learn a broader class of navigational strategies. For example, the system might
learn what to do when it isapproaching an obstacle (atemporal concept) rather than merely what to
dowhenitisnear an obstacle (astatic concept). Notethat time-history representationsare different
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from representations of temporal concepts (such asvelocity); atime-history representation captures
the successive values of the represented variable (which may in fact be atemporal variable such as
velocity) over time.

Finally, note that the case representation allows the system to learn navigational strategiesin
generd rather than learning about a particular environment. For example, the system might learn
a general strategy such as “when approaching a dense cluster of obstacles, increase the obstacle-
avoidance gain and go around the obstacles’ rather than a specific recommendation for action for
agiven environment (such as “this particular world has an obstacle at such-and-such location, so
reduce velocity by 75% when the robot arrives at such-and-such position”).

3.2 TheLARC Algorithm

The adaptation and learning algorithm must perform two tasks simultaneoudly. It must use past
experiences to construct a mapping between situations and control parameters (i.e., learning the
adaptive law) and it must use the mapping to determine the best set of control parametersto usein
every given situation (i.e., using the adaptive law). The strategy of the algorithm isto come up with
apartition of the input space into regions (or clusters) and to search for the best control parameters
to be used in each particular region. Partitioning the input space into several regions is possible
due to the extrapolation property of analogical representations, which exploits the assumption that
neighboring pointsin the input space should have similar control parameters. Thus, partitioningthe
input space into regions allowsthe mapping to be used under situations not experienced before and
avoids the impossible task of associating the appropriate control parameters to every single point
in the input space. An additional requirement on the algorithm is that it must learn the mapping
incrementally by continuously incorporating new information gathered from every experience.
Thisisnecessary because as the robot moves, the environmental situation changes and new control
parameters may be required. Thus, the parameter adaptation algorithm must be able to suggest a
best guess set of control parameters to use during a new situation and then observe the results of
the suggested controller parameterization to decide how to improve task performance during future
Similar situations.

The requirements described above are accomplished by a multistrategy algorithm that com-
bines ideas from case-based |earning, reinforcement learning, competitive learning, and minimum
distance clustering. The partition of the input space is accomplished by merging past similar expe-
riencesinto cases. Every case correspondsto aregion in the input space and every new experience
is used to refine the boundaries and the centroid of that region. The association of useful control
parameters to every case is accomplished by modifying the control parameters associated to are-
gion whenever areward or punishment signal is received or whenever the results of the application
of these parametersis not consistent over time. In thisway, only associations that are both useful
and consistent are encoded into cases.

In summary, the LARC agorithm learns to partition the input space and to associate adequate
control parameters simultaneously and incrementally with every experience. In terms of our
formulation, the LARC algorithm learns and applies a piece-wise general memory device M in
which each case representsaportion of themapping ¢ = M (x) by indicating what parameterization
6 should be used under a particular situation . Thus, the LARC algorithm compares the perceived
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inputs z with referenceinputs or cases that consists of previous similar experiences, and adapts the
controller by supplying the é that results from this comparison.

We now discuss the technical details of the LARC agorithm. Although the different phases of
the algorithm are tightly integrated, in order to facilitate presentation of the algorithm, the issue
of partitioning the input space will be considered first. The issue of associating useful control
parameters will be considered after the process of learning cases is described.

3.2.1 Learning Cases

Case-based reasoning and learning deals with the issue of using past experiences to solve new
problems. However, when the domain is represented using real-valued variables, remembering
each single experience as a case is impractical due to bounds imposed by limits on the available
memory. The adternativeisto combine several similar experiences together to create an “average’
or “virtual” experience or centroid in a region and let a case represent this centroid instead of
each single experience (see Porter, Bareiss, & Holte, 1990, for another example of a case-based
reasoning system, PROTOS, where cases represent “prototypical” experiences). Inthis way, each
case represents all the points in the input space that are close enough to its centroid so that any
information in the case can be generalized to the points inside the region that it represents. One
problem with this alternative is that there is no a priori information about where such centroids
should belocated or how big the regions should be. The centroidsand the region’s boundaries must
therefore be learned with each experience. Since experiences come one after another, cases must
belearned gradually and incrementally. Thismeansthe content of acase depends not only on apast
experience, but also on aterations introduced by subsequent similar experiences. This approach
deviates from standard case-based reasoning where each case contains a previous experience or a
generdization of a previous one and future similar experiences do not modify the content of an
existing case (but see Ram, 1993).

The basic idea underlying learning of cases is that of competitive learning, which intuitively
consists of letting all existing cases compete to incorporate each new experience and allowing only
the “winner” to modify itself to become more similar to the new experience. More formally, com-
petitive learning can formulated as follows. Assume a series of samples of a vectoria “sensorial”
observable® X = X(#9) € R", where tq is a particular point in the time coordinate, and a set of
referencecases {C; € ®",: = 1,..., N}. Assumethat the C,; have beeninitialized in some proper
way; random selection will suffice. For every given X, the best match C,« according to some
distance metric d(X, C;) is updated to match even more closely to the current X. In other words,
the best matching case C;+, where:* isthe index of the case with the minimum distance d(X, C;),
is atered in some way to reduce the distance d(X, C;«), and al the other cases C; with i # i~
are left intact. The result of this procedure is that the different cases tend to become specifically
“tuned” to different domains of the input variable X in such a way that the cases C; tend to be
located in the input space R™ such that they approximateto the probability density function f(-) in
the sense of some minimal residual error (see Kohonen, 1990). In other words, those areas of the
input space that are used more often are covered with more cases than areas of the input space use
less often.

SA sample of the sensorial observable represents the values of the outputs delivered by the sensors of the robot.
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The quantization error incurred by partitioning the input space with cases is given by:

error = / |X — Cix

f(X)dX 3)

where dX is the volume differential in the input space, r is a constant, and the index :* of the
best-matching case is afunction of X:

IX - C..

= min||X — G (4)

For asquared-error criterion (r = 2), Equation 3 isthe Euclidean metric between the environment
situation X and the best-matching case C;-. In this case, the following steepest-descent gradient-
step optimization rule (“deltarule”’) defines the optimal values for the C; asymptotically:

Cx = C¥ + a;:(X — C¥) ©)
Cr = C™ fore # o

where a;« isagain coefficient that decreases monotonically with every iterationand 0 < o+ < 1.
This is the ssimplest analytical description of competitive learning, which has been widely used
for vector quantization in digital telecommunication engineering as a method for unsupervised
clustering (see Gray, 1984; Linde, Buzo, & Gray, 1980; Shanmugam, 1979).

However, the previous formulationis only applicable for samples of the vectoria variable X at
a specific time. As mentioned previoudly, one of the objectives of the LARC algorithmisto learn
sequences of samplesthat are consistent intime, that is, those sequences that tend to reoccur when
used under similar situations. Thus, to keep track of sequences of situations such as the ones shown
in Figure 5, the above formulation must be extended to take into account multiple samples of X
and C; along the time dimension. For this purpose, the distance function d(-, -) needs to extended
to measure the match between X(¢) and C; at different relative time positions. Such a distance
function can be formulated asfollows:. Let ¢ denoteadiscretetimeindex (t = —lz,---,—2,—1,0)
where O represents the current time and negative values represent the recent past. Let C;(m)
represent one sample in a sequence of I, tuples in ®*, C;(m) € {C;(0),---,C;(lc,)}. Then
d(X, Cj, t), the distance between X and C; at time position ¢, can be defined as follows:

1m:t
d(X,Ci,t) = 7 Z_:OHX(m ~ 1) = C(m)|’ (6)

wheret € [0, - -, ,] (refer to Figure 6 for agraphical representation).

The best-matching C;- and the position in time of the best match ¢* is determined by the
following equation:
d(X7 Ci»,t ) o i,glltrllci{d(X7 © t)} i
Equation 7 represents a process which matches al the cases in all relative time positions against
the given sequence of situations, and selects the case having the minimum Euclidean distance per
unit of time from the set of current available cases.

The update rule for the best-matching case C;» must aso be modified to take into account
multiple samples along the time dimension. Equation 8 shows the new version of thisrule:

C2(m) = C¥(m) + =gz (X{m — ) = C¥(m)) form =0,

cr = C¥ fore # o ®)
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Figure6: Schematic representation of the match process. Each graphin the case (bel ow) ismatched
against the corresponding graph in the current environment (above) to determine the best-matching
case C;» and thetime position ¢* of the best match.

14



Equation 8 represents a process which updates each case sample C;« () to match its corresponding
Situation sample X (m — ¢*) with different strengths. The sample corresponding to the current time
is updated more heavily than the samples taken back in time. In other words, the coefficient for
updating the sample at the current time ¢ = O is a;», and decreases linearly down to ;i as the
positiont = m — t* of the sample in the time dimension goesfrom¢ = O downto¢ = —t¢*. This
update rule has the nice effect of altering the cases evenly with their use, since the first samplesin
acase are used more frequently than its later samples and may be exposed to the update rule more

often.

Two important decisions regarding case learning are when to create a new case (as opposed to
using and modifying an existing case) and when to incorporate new samples to the end of a case.
The first question addresses the issue of deciding when it is time to create a new case to map a
region of theinput space. Creating new cases isimportant because this allows the system to refine
the mapping in regions of the input space that have not been considered before or that have not
been covered in sufficient detail. The second question addresses the issue of capturing consistent
sequences of samplesinto acase. This allow cases to grow in length to capture longer sequences
of samples.

The decision rule to create new cases is based on the idea of minimum distance clustering,
which consists of using a threshold to decide whether a new experience should be incorporated
into the closest case or used to create anew case. The threshold explicitly definesthe border of the
regions represented by each case and is updated with every experience until it convergesto its best
value. Given T} as the threshold value associated with the best-matching case C;«, the decision
ruleis defined asfollows:

. ) d(Cix, X, 1) < T;»  Adapt C;« using Equation 8.
decision rule: { d(Ci+,X,t*) > T;» Createanew case using X. ©)
The update rulefor 7« is defined by the following equation:
T2 =T+ B(ta. + 704, — T) (10)

where 3 isalearning constant, - isan integer constant, and 14, and aﬁi* are the mean and variance
of the distance obtained during previousretrievals of case C;«. In other words, the threshold value
T;« is always updated towards a limiting value that is equal to the mean of the distance of the
experiences to the centroid of the case plus a multiple of its standard deviation. This means that
anew case is created only when the distance between the current situation and the best-matching
case isgreater than “usual”. Intuitively, if the best available case is not as good a match to the new
situation as it has been to the situations in which it has been useful in the past, thenit islikely that
the system is encountering a situation for which the best available case isn’t a very good match and
anew case needs to be created.

The purpose of thedecision rulefor caselearning (Equation 9) and the update rule (Equation 10)
isto create regions in the input space with sizes that are inversely proportional to the value of the
probability density function of the input space. Thus, the portions of the input space that are used
more often are mapped with smaller regions than portions of the input space used less often. In
thisway, as depicted in Figure 7, the mapping can be dynamically refined and speciaized to those
portions of the input space used more often.
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portion used more often

Figure 7: Quantization of the input space in region with different sizes. The size of each region
depends on the frequency of use of each portion of the input space.

The decision rule used to extend the length of the best-matching case is based on how well the
case is able to predict the next situation given the current sequence of situations. Intuitively, if
the best-matching case runs short in matching the current sequence of situations, then the case is
extended to incorporate the current sample. That is, if thereis no other case that is closest to end
of the sequence, then the best decision is to extend the case that best matches the beginning of the
sequence. In this way, the next time the case is retrieved under smilar situations it will be longer
and able to predict alonger sequence of situations. Mathematically, this can be accomplished by
modifying Equation 7 to match cases at all relative time positions, including those that go one unit
beyond thelength /., of thematching case C;. If the best-matching case C;» occurs at relativetime
position t* = I¢, + 1, then case C;« is running short and must be extended. Equation 11 specifies
the procedure:

e, =18, + 1

If¢ :lci*—l-l, then{ Cﬁ([ncafl*):X(O)

(11)

The above specifications are achieved by an algorithm that learns to partition the input space
into several cases, asdescribed in Figure8. The agorithm worksby incorporating new experiences
sequentially, creating new cases or updating the content of existing casesasrequired. Itsasymptotic
behavior isto partitiontheinput space into regionsthat minimizethe quantization error asexpressed
in Equation 3. The cases created by this algorithm may be thought of as feature-sensitive detectors
that represent consistent sequences of associations in the input space. The sequences that are
captured into cases are those that are intrinsic to the environmental situation and the dynamics of
the system. The main characteristics of this algorithm are that it creates and self-organizes cases
to partition the input space based on the probability density function of the input space. Also,
it works in an incremental manner since it incorporates new samples step-by-step. Finaly, the
algorithm can construct prototypical representations of sequences of situationsthat have proven to
be consistent over time.

16



For every perception-action cycle of the robot:
1. Take a sanple of the current sensory information:
[X1(0),---, X,(0)] = [vari abl eq,---,vari abl e,]
2. Retrieve the best-matching case C;. using Equation 7.
Best match distance: d*=d(X, C;.,t*)
3. Update case distance statistics (nmean and variance of d*): g, 02
4. Update decision threshold 7;- for best matching case:
T = T2+ Bpa,e + 704, — T3
5. Apply decision rule to create a new case:

I f d* < T
Update C;. using Equation 8.
best = i~

El se

Create a new case: C,, = X(0)
best = new
6. Apply decision rule to extend the best-matchi ng case:
If t*=lc.+1
Incorporate a new sanple to Cu:
lcbﬂ = lcbst +1
Crslley) + X(0)
7. Prepare for next sample: X(t—1)« X(t), Vte[-lz+1,---,0

Figure 8: Case Learning Algorithm.

The cases created by this agorithm represent consistent sequences that have occurred in the
past. Control parameters are associated with each case, representing the specific parameterization
of the reactive controller that should be used under the situation encoded by the case. However,
while these sequences are “correct” in the sense that they represent generaizations about the
system-environment interaction, they may or may not be useful to the actual goal that the system
iscurrently pursuing. In order to learn useful control parameters, an externa reward signal is used
to bias the case learning algorithm. Thisis discussed next.

3.22 Learning Useful Control Parameters

Reinforcement learning deals with the issue of increasing the tendency to execute actions that
produce satisfactory states of affairs. Basically, when an agent performsan action in a given state,
it receives an externa reward signal. If the rewardis positive, the agent strengthens the association
between the action and the state so that the agent will tend to execute the same action in future
smilar states. Conversely, if the reward signal is negative, the agent weakens this association in
order to decrease the tendency to perform that same mistakein the future. Combining the algorithm
for learning cases described previously with reinforcement learning will allow the system to learn
cases that are not just consistent over time but that are also useful according to the reward signal.

Given aset of cases C;, and assuming that the observable X € R™ consists of a concatenation
of an environmental situation vector y, = X* € "= and acontrol parameter vector § = X* € R"#
wheren = ng + np, then the mapping M (-) consists of finding out the best-matching case C;«
for a given situation = and returning the parameter vector associated with the case § = CFL(¢*),
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where CP isthe notation for extracting the control parameter vector from the concatenation vector.
To reinforce parameters that are useful, the update procedure should not blindly update the best-
matching case to be more similar to the current situation; instead, it should take into account
the reward feedback in such a way that control parameters that produce beneficial rewards are
remembered while control parameters that produce perjudicia rewards are modified. This is
achieved by comparing the reward obtained during the current situation with the expected reward
obtained during past similar situations, and updating the control parameters only if the reward
obtained during the current situation is better than the expected reward of the case. In other words,
acase is adapted to be more similar to the current situation only if the current situation is “better”
than the situation encoded in the case as evaluated by the reward signal. Thus, each case C; must
keep track of the expected reward or utility U, recelved every time it is used. The update rule,
originally stated in Equation 8, must be applied only when the reward received during the current
situation is greater than the utility of the case.

Theintroduction of the reward signal acts asafilter for training data to the case-based learning
algorithm, thereby providing an “input bias’ (Cox & Ram, 1994) to the agorithm. Only those
sequences that are considered relatively better than the sequence in the best-matching case are
incorporated and learned. This rule produces the reinforcement effect of remembering those
parameters that lead to good rewards and forgetting those that lead to bad rewards. To promote
self-improvement in performance, one more conditionisrequired: The best parameterization of the
reactive controller in the given environmental situation must be selected. To do this, al cases that
are“close enough” to the current situation are considered, and the one that promises the best utility
isselected. This approach is somewhat different from standard case-based reasoning in which the
best matching case is used to guide action; here, several of the best matches are considered and the
most useful oneis chosen. Equation 12 specifies the procedure:

Cos = . i,&?ﬁlci{Ui | d(X,C;,t) < T} (12
The decision threshold 7+ associated to the best-matching case is used to define what is “close
enough”. That is, only those cases whose distance to the current situation is less than 7. are
considered. If the utility of the best case selected by Equation 12 is not “good enough” (as
determined by a fixed threshold), then a random set of parameters is selected for the reactive
controller. Random search is the only strategy for optimization when there is no additional
knowledge about the direction in which to change the parametersin order to optimize the externa
reward. Heuristic functions, if available for a particular application, can be easily incorporated at
this step to focus the search for useful parameters.

Figure 9 shows the complete LARC agorithm that integrates the procedure for partitioning
the input space into cases with reinforcement learning of useful control parameters. The proposed
algorithm shares the characteristics of the algorithm in Figure 8, namely, it learns to partition the
input space into regions that minimize the quantization error by incorporating new experiencesin a
sequential fashion. Additionally, it uses an external reward signal to remember only those control
parametersthat produce useful results. Thus, the cases |earned by thisalgorithm represent not only
aset of feature-sengitive detectors, but al so specialized mappings between environmental situations
and control parameters that produce useful performance.
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For every perception-action cycle of the robot:
1. Take a sanple of the current sensory information and reward signal:
[X1E(0)¢ o "XEE(O)>X£’(O)> o "X:L’p(o)] = [ypla o 'ayan’gl’ o "gnP]
Rz =reward
Update utility of previous case given Rz.
3. Retrieve the best-matching case C;. using Equation 7.
Best match distance: d* =d(X,C;,t¥)
Update case distance statistics (nmean and variance of d*): jg, 0%
Updat e deci sion threshold 7;. for best matching case:
TP = T+ Blpta,e +70a,. — T
6. Apply decision rule to create a new case:
I f d* < T
If Rz >U; Update C;. using Equation 8.
El se
Create a new case: C, = X(0)
7. Apply decision rule to extend the best-matching case:
If t*=lc.+1
I ncorporate a new sanple to Cpyg:
lcbﬂ = lcbﬂ +1
Chest(lcpeg) < X(0)
8. Select best case for new paraneterization using Equation 12:

N

ok

Use suggested paraneters only if the expected reward i s good enough:

If Upg >Utility
parameters « Ch
El se
par anet er s « random
9. Prepare for next sample: X(@t—1)« X(t),Vte[-lz+1,---,0

Figure9: The LARC Algorithm.
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4 Case Study

This section demonstrates the application of the algorithm proposed in the previous section for
adapting the parameters of a schema-based reactive controller (Arkin, 1989), resulting in alearn-
ing adaptive reactive controller for robotic navigation. In schema-based reactive control, basic
behaviors or motor schemas such as obstacl e avoidance and movement towards agoal individually
recommend specific motor actionswhich are then combined to producethefinal action of the agent.
Potential fields or forces are used to represent the recommendations of the motor schemas; thus, a
final motor action can be computed as the sum of the forces of each motor schemaand delivered to
the robot’s effectors. Each motor schema uses current sensory information from the environment
and internal control parametersto compute its potentia field, which recommendsthe direction and
speed at which therobot isto move given current environmental conditions. For example, the motor
schema AvoID-STATIC-OBSTACLE directs the system to move itself away from detected obstacles,
and its control parameter Obstacle-Gain determines the magnitude of the repulsive potential field
generated by the obstacles perceived by the system. The forces produced by all the schemas are
then summed to produce a resulting force that directs the actual movement of the robot. Simple
behaviors, such as wandering, obstacle avoidance, and goal following, can combine to produce
complex emergent behaviors in a particular environment. Different emergent behaviors can be
obtained by modifying the smple behaviors. A detailed description of schema-based reactive
control methods can be found in Arkin (1989).

Different combinations of schema parameterscause different emergent behaviorsto beexhibited
by the system (see figure 10). Traditionally, parameters are fixed and determined ahead of time
by the system designer or through optimization techniques such as genetic algorithms (e.g., Ram,
Arkin, Boone, & Pearce, 1994). However, on-line adaptation of control parameters can enhance
navigational performance (see Ram, Arkin, Moorman, & Clark, 1992). While earlier approaches
(such as Ram, Arkin, Moorman, & Clark, 1992) use a pre-defined adaptive law to improve
performance, we have argued that it is beneficial for the system to learn an adaptive law through
experience. The following subsections describe in detail a system caled SINS (Self-Improving
Navigation System) that usesthe proposed LARC algorithmto learn to adapt the control parameters
of a schema-based reactive controller.

4.1 System Architecture

The SINS mobile robotic system consists of a navigation module, which uses the AURA schema
based reactive control architecture (Arkin, 1989) implemented on aDenning MRV-I11 robot, and an
on-line adaptation and learning module, which uses the LARC learning method described earlier.
The navigation moduleisthe reactive controller, which isresponsible for moving the robot through
the environment from the starting location to the desired goal location while avoiding obstacles
along the way. The adaptation and learning module has two responsibilities. First, it must perform
on-line adaptation of the reactive control parameters being used in the navigation module to get
the best performance, that is, it must apply the adaptive law. The control parameters are based
on recommendations from cases that the system has learned through its experience. Second, it
must monitor the progress of the system and incrementally modify the cases library to get better
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Figure 10: Typica navigational behaviors of different tunings of the reactive control module.
The figure on the left shows the non-learning system with high obstacle avoidance and low goal
attraction. On the right, the learning system has lowered obstacle avoidance and increased goal
attraction, allowing it to “squeeze” through the obstacles and then take a relatively direct path to
the goa (up-center).

performance in the future, that is, it must learn the adaptive law. Figure 11 shows the system
functional architecture, which isan instantiation of Figure 1 for this particular implementation.

The reactive controller in this system uses three motor schemas. AvoID-STATIC-OBSTACLE,
MoOVE-TO-GOAL, and NOISE. AvOID-STATIC-OBSTACLE directs the system to move itself away
from detected obstacles. MoOVE-TO-GOAL schema directs the system to move towards a particular
point in the terrain. The NoISE schema makes the system move in arandom direction; itis used to
escape from local minimaand, in conjunction with other schemas, to produce wandering behaviors.
Each motor schema has a set of parameters that control the potential field generated by the motor
schema. In this research, we used the following parameters. Obstacle-Gain, associated with
AvOID-STATIC-OBSTACLE, determines the magnitude of the repulsive potential field generated by
the obstacles perceived by the system; Goal-Gain, associated with MOVE-TO-GOAL, determines
the magnitude of the attractive potential field generated by the goal; Noise-Gain, associated with
NoIsE, determines the magnitude of the noise; and Noise-Per sistence, aso associated with NOISE,
determines the duration for which anoise valueis allowed to persist.

4.2 Input Space Representation

The observable X consists of the concatenation of an environmental situation vector X*® = y,
of four variables and a control parameter vector X" = 6 of four variables. The four variables
for the environmental situation vector are Obstacle-Density-Ahead, Obstacle-Density-Behind,
Obstacle-Density-Right, and Obstacle-Density-L eft. Each of these variables provide a measure
of the occupied areas that impede navigation in the direction towards, contrary to, right of, and | eft
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Figure 11: Functional architecture of the SINS system.

of thedirection of the percelved goal respectively. These input vectors are computed and constantly
updated using the information received from the robot’s sensors. The four variablesfor the control
parameter vector represent the schemaparameter val ues used to adapt the navigation modul e, onefor
each of the schema parameters (Obstacle-Gain, Goal-Gain, Noise-Gain, and Noise-Per sistence)
discussed earlier. The values are set periodically according to the recommendations of the best
case. The new values remain constant over a control interval until the next setting period.

The reactive controller operates on a Denning MRV-111 robot. The robot uses a Denning sonar
ring which has twenty-four laboratory grade Polaroid Ultrasonic Rangefinders equally spaced over
360 degrees in a plane paralé to the floor. Range data is obtained by emitting ultrasonic pul ses
from the sensors. The four input variables are calculated by averaging the range data from the six
consecutive Rangefinders that lay in each of the four quadrants (e.g., ahead, |eft, right, behind).
Figure 12 shows a diagram of the robot’s ultrasonic sensors and the corresponding input variables.

4.3 Reward Signal

The selection of the reward signal depends on processing and performance constraints. Processing
constraints refer to the ability of the robot to compute the reward signal taking into account the
information delivered by the sensors. For example, acommon problem faced by reactive controllers
isthat they may direct therobot inside abox canyon. Such asituation occurs when the robot, using
its current sensory capabilities, determines that it can move between two obstacles beyond which
the destination lies, but then later discovers that there is no (or not enough) space to go between
them and thereby gets trapped in alocal minimum. A reward signal that punishes an action that
drives the robot into a box canyon is computationally expensive since it must perform complex

22



obstacle-density-towards

obstacle-density-left obstacle-density-right

obstacle-density-behind

Figure 12: Ultrasonic sensors and the input variables.

information processing using the robot’s sensory information to determine if the robot is inside
of a box canyon. Performance constraints refer to the metrics used to measure the performance
of the system. The reward signal should be selected to reward actions that help to improve the
performance metric used to evaluate the robot’stask. For example, in autonomous robot navigation
it is often important to reach the destination point quickly while avoiding collisions. Then, the
reward signal should be selected to punish detected collisionsand periods of inactivity (i.e., periods
in which the robot does not move or moves very slowly).

In the current system, successful navigation is defined as reaching the destination point as fast
as possible and without any collisions. Thus, the robot needs to minimize the time taken to reach
the goa with the fewest number of collisions. Thisis represented in the following reward signal:

max_velocity — velocity

r = a virtual collisions + 3 ( max_vel ocity

) (13)

This formulais based on the assumption that the only sensory information available to the robot
consists of the 24 ultrasonic sensors and the shaft encoders. This means that the robot receives
a negative signal every time a virtual collision® is detected and a positive signal every time the
robot is moving; the faster it moves the stronger the signal. The coefficients o and 3 determine the
relative importance of avoiding collisions versus maximizing velocity for a particular application.
Thisreward signal isnot computationally expensive to evaluate, it usesinformation provided by the
robot sensors, and it is consistent with the performance metric defined for successful autonomous
robotic navigation.

8Since thereisareal robot involved we can not afford actual physical collisions. The term virtual collisionto refer
to the situation when the robot come so close to an obstacle that a physical collisionisimminent. When this occurs,
AURA automatically diverts all itsresources to focus on eliminating thisimminent danger.
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5 Evaluation

This section describes the evaluation of the LARC algorithm in the context of the SINS system.
The objective of the evaluation istwofold: first, to verify that the agorithm actually learns a useful
adaptive law, which improvesthe performanceof the navigationtask; and second, to determinehow
design decisions affect the performance of the system under different environmental conditions.
The first objective can be verified by constructing an empirical model that relates the performance
metric of the system with the amount of experience or experience level. We expect the model
to show a statistically significant improvement in the performance of the system with experience
level. The second objective, optimization of the system configuration, is useful because it enable
us to shed some light on how a range of design decisions affect the behavior of the system and
how to select appropriate design parameters to improve the performance of the system. The first
objective enable us to verify the theory supporting the proposed multistrategy learning algorithm,
and the second objective enables us to understand the relationship between design decisions and
system performance under different environmental conditions. To achieve these objectives, we
evaluated the LARC algorithm presented above in the context of the SINS system using extensive
simulations across a variety of different types of environments, performance criteria, and system
configurations.

Two characteristics of the mobile robotic system under study are its complexity and the large
amount of interactionwithitsenvironment. The complexity of the system isdueto the multistrategy
learning algorithm, which can adapt the control parameters after every control interval and modify
the behavior of the system. The large amount of interaction is due to the intrinsic nature of
reactive control and the learning algorithm. A direct consequence of these characteristics is that
the behavior of the system has many sources of variability, which cause any performance metric
defined to evaluate the system’s behavior to vary as well. Thisin turn makesit difficult to assess
the significance of the performance of the system in a specific situation since the system may
perform differently under the same or similar circumstancesin adifferent set of runs. Furthermore,
the components of the system are tightly coupled and highly interactive. Thus, for example,
straightforward learning curves or ablation studies are inadequate to evaluate this system.

To solve this problem, we used a systematic eval uation methodology (proposed by Santamaria
& Ram, 1994) to evaluate the performance of the mobile robotic system. In this methodology,
statistical tools are employed to anayze the change in the performance of the system in terms
of changes in design parameters and environmental characteristics. In the analysis, the system is
evaluated through systematic experiments defined to filter out undesirable sources of variability.
The result of the analysisis an empirical model that relates the performance of the system to the
design decisionsand environmental characteristics. Thisempirical model can be used to understand
the behavior of the system in terms of the theory and configuration of the system, to select the
best system configuration for a given environment, and to predict how the system will behave in
response to changing problem characteristics. Systematic empirical analysis based on statistical
tools can aso be used to verify the significance of the system’s performance.

We devel oped a software package, dr i ver ++, which isan implementation of Arkin’s (1989)
AURA architectureonaDenning MRV-II1.dr i ver ++ canwork intwo modes. rea and simulated.
In real mode, dri ver ++ receives information from sensors and sends commands to the robot
througharadiolink. In ssimulated mode, dr i ver ++ simulates both the values of the Rangefinders
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as specified by a given arrangement of obstacles in a smulated environment and the dynamics
of the real robot as specified by motor commands. The results presented in this section are
based on experiments performed using dr i ver ++ in smulated mode, since this allows us to run
several hundred experiments with systematically different design parameters and environmental
configurations.

In these experiments, the robot navigates in randomly generated environments consisting of
rectangular bounded worlds. Each environment contains circular obstacles, a start location, and a
destination location. The location, number, and radius of the obstacles are randomly determined
to create environments of varying amounts of clutter, defined as theratio of free space to occupied
space. Inour experiments, we used 15% cluttered worldswhich correspond to “typical” |aboratory
and similar indoor environmentsin the real world.

The performance of the mobile robotic system varies across different worlds, system configu-
rations, and amounts of experience. Moreover, due to the nature of the task and the architecture of
the system, the robot can perform differently given the same world and case library. The reason
for this is that the adaptation and learning module tunes the navigation module randomly when
no appropriate case exists; this allows the system to explore and discover new feature-sensitive
detectors or regularities with better expected utility. This means that any performance metric used
to evaluate system needs to be treated as a random variable and statistical estimation techniques
should be used to assess its mean value.

In this article, we will focus on how two factors influence the performance of the robot:
maximum number of cases and utility threshold. The former isrelevant to the case-based learning
aspect of the algorithm and the latter to the reinforcement learning aspect. We will also consider
how the experience level influences the performance of the robot and verify that the system indeed
improvesits performance as the experience level increases.

5.1 Experimental Design and Data Collection

To collect datafor theevaluation analysis, we performed several runson the system. A runconsisted
of placing the robot at the start location and letting it run until it reached the destination location.
The data for the estimators was obtained after the system terminated each run. Thiswasto ensure
that we were consistently measuring the effect of learning across experiences rather than within a
single experience (which isless significant on worlds of this size anyway).

We evaluated the performance of the robot using the median value among five replicates of the
time it takes to solve a world. The reason for this is that the median is a robust estimator of the
mean and is not too sensitive to outliers. Outliers are common in schema-based reactive control
since the system can get trapped in local minima points, resulting in a significant change in the
behavior of the system. An experiment consisted of measuring the time the robot takes to solve a
world across five independent runs under the same conditions (i.e., same case library, number of
cases, case Size, and level of experience, world clutter) and reporting the median among the five
runs as the response variable.

Two sets of experimentswere designed to satisfy the objectives of our evaluation. Inthefirst set
(called “learning profile” experiments), we ran the system under the same 15% cluttered world and
with an initial configuration based on preliminary experiments. In the second set (called “system
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Table 1: Design for Experiment 1.

Maximum Cases | 15
Utility Threshold | .35
Experience Levels | 1-30

World Clutter 15%
Replicates 5
Response Variable | Time
Total runs 150

Table 2: Design for Experiment 2.

Maximum Cases | 10, 15, 20
Utility Threshold | .25, .35, .45
Experience Level | 25

World Clutter 15%
Replicates 5
Response Variable | Time
Total runs 45

profile’ experiments), weran different system configurations by systematically varying the factors
around theinitial configuration. Inthisway, we determined the influence of each design parameter
on the performance of the system; thisallows usto decide how to changethe system’s configuration
for best performance. Both sets of experiments also alowed usto verify that the LARC algortihm
does in fact improve the performance of the system through experience. Tables 1 and 2 show the
design of each experiment.

5.2 Learning Profile

We used the data collected from the first experiment to construct an empirical model to verify
improvement in the performance of the system with experience. The desired model has the median
time(7') astheresponse variableand experiencelevel (£) anditssquared term (£2) asthe predictors
or regressors. In thisway, if such a model is found to be statistically significant (i.e., the model

shows that the amount of experience is related to the response variable), we can conclude that the
system actually learns and improves performance under the given configuration and environmental

conditions. Equation 14 shows the complete hypothetical model for this experiment.

T =ao— agE + ageE? + ¢ (14)
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Figure 13: Data from Experiment 1. The graph shows the median curve (solid) and the maximum
and minimum responses (shaded) from the five replicate runs at each experience level.

where F' is the standardized” value of the variable E (i.e, E' = E‘?E)). Assuming that the

mathematical rel ationship between the response variable and theindependent variablesis* smooth”,
a second order polynomial expression of that relationship, such as the one proposed by the model,
is a good approximation. Intuitively, this approach corresponds to fitting a statistical model to a
suitable sample of traditional “learning curves’ obtained from the system and analyzing the model
for statistical significance.

Figure 13 shows the data gathered during experiment set 1. The graph shows the median
curve (solid) and the maximum and minimum responses (shaded) from five replicate runs at each
experience level. Figure 14 shows the median time and the least mean squared fitted model given
by Equation 14; as can be seen from the figure, the model describes the actual performance of the
system very well. Table 3 shows the analysis of variance (ANOVA) of the regression and shows
that thefitted model is statistically significant (P-value = 0.0000). That is, given the datafrom this
experiment, we can not accept the hypothesis that the coefficients from Equation 14 are al zero,
and therefore we accept the aternative hypothesis. This means we can conclude that the system
learns with experience and that the improvement in performance is significant. Table 4 shows
the statistical results for each individual parameter in the model, their significance, and the 95%
confidence interval estimation of its value.

5.3 System Profile

We used the data collected from the second set of experiment to analyze the impact of the design
parameters on the learning performance of the system. The second experiment is a 32 factorial
design in which the two system design factors being investigated, maximum number of cases and

"Use of standardized val ues instead of the original values hel ps to reduce roundoff errors and other problems with
multicollinearity between independent variables (see Neter, Wasserman, & Kutner, 1989).
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Figure 14: Fitted model from Experiment 1. The graph shows the median curve (shaded) and the
fitted model (solid) with error bars at each experience level.

Table 3: ANOVA table for the regression model of Experiment 1.

\ Source \ df \ SS \ MS \ F \ P-value \
Regression 2 | 1202.31 | 601.16 | 44.365 ‘ 2.93E-09 ‘
Residual 27 365.85 13.55
Tota 29 | 1568.16

Table 4: Model coefficientsfor Equation 14.

| Coefficients | Value | Std. Error | Pvalue |  95%Cl. |

Qg
OF
7

61.70
—-6.04
255

101 0000 ] (59.63,63.77)
068 | 0.000 | (—7.44,—4.64)
078 | 0003| (0.954.14)
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Table 5: Model coefficientsfor Equation 15.

\ Coefficients \ Vaue \ Std. Error \ P-value \ 95% Cl.I. \

Bo 59.80 0.94 | 0.000 [ (57.89,61.71)
Bc 0.00 0.43 | 1.000 | (—0.87,0.87)
Bu 2.89 043 | 0.000| (2.023.76)
Bec 0.00 0.61 | 1.000 | (—1.24,1.24)
Buu -0.20 0.61 | 0.740 | (—1.44,1.03)
Beu 0.00 0.43 | 1.000 | (—0.88,0.88)

utility threshold, are systematically varied around the values used during the first experiment.® A
factorial experimental design alowsusto verify if thefactorshave any influencein the performance
of the system. Thus, we can determinehow to change the factorsto maximizethe expected outcome
in the performance of the system.

This experiment provides information on how the considered design parameters affect the
performance of the system at experience level 25. Table 2 shows the values of this experimenta
setting.  The reason for evauating the system at an experience level of 25 is because this is
approximately the point in which performance is maximized according to the fitted model from
Experiment 1 (see Figure 14).

Equation 15 shows the complete hypothetical model for this experiment. The model include

the effects of both design parameters. maximum number of cases (C') and utility threshold (U/), the
effects of their quadratic terms (C2 and U?), as well as their second order interaction (C'U):

T = fo+pBcC'+puU' +
BecC? + BurU”? +
BeuC'U" +
£ (15)

Considering thismodel, thedirection of steepest ascent inwhich to change the system configuration
parameters to optimize performance can be found using standard calculus techniques, i.e., by
calculating the gradient of Equation 15.

Table 5 shows the statistical results for each individual parameter in the model as well as the
95% confidence interval estimation of its value. Table 6 shows the analysis of variance (ANOVA)
of theregression and showsthat thefitted model is statistically significant (P-value = 0.0000). That
is, given the data from this experiment, we can not accept the hypothesis that the coefficientsfrom
Equation 15 are al zero, and therefore we accept the alternative hypothesis. Additionally, from
table 5 we can conclude that the maximum number of casesto useisirrelevant to the performance
metric (i.e., both terms associated with the maximum number of cases, 3¢ and B¢, and the
quadratic term for utility threshold have high P-values).

Given the estimation of the parameters showed in Table 5, the direction of steepest ascent is
along the U’ axis in the positive direction due to a positive 3. Future experimental designs can

8A 3? factorial design consists of systematically varying two factors using three values or levels for each factor.
The total number of runsis 32 = 9 x # of replicates.

29



Table 6: ANOVA table for the regression model of Experiment 2.

| Source | df | SS| MS| F| P-vaue]
Regression | 5 | 368.40 | 73.68 | 9.140 | 8.11E-11 |

Residua 39| 31440 | 8.06
Total 44 | 682.80

explorethisalternative and find a configuration that optimizestheresponse of thesystem. A similar
analysis can be carried out to optimize performancefor other applicationsin the domain of interest.

5.4 Discussion of Results

The performance of the robot is very complex and depends not only on simple terms but also on
thelr interactions. The evaluation shows that the median time the system takes to solve a 15%
cluttered world decreases with the experience level. Figure 13 also showsthat the variability inthe
response also decreases with experience. This demonstrate another aspect of the learning behavior
of the system, namely, that the performance not only improves with experience but also becomes
more predictive. In other words, as the system increases its experience, it tendsto behave similarly
under similar situations and this reduces variability in the performance.

Experiment set 2 showed that a change in the system’s configuration by increasing the utility
threshold improves the performance at experience level of 25. The value of the maximum number
of cases does not influence the performance at that level of experience. Thiswas, to us, asurprising
result; however, we then analyzed the memory of casesfor each of the system’s configurationsand
found that the system had created only 10 cases after 30 runs. Moreover, experiment set 2 suggests
that in order to explore the possibility of further improvement in the performance of the system, we
would need to run additional experiments with a higher utility threshold (the direction of steepest
ascent). Intuitively, this makes sense since the system will use the control parameters from cases
that have produce at least the required level of utility, or randomized control parameters otherwise
(step 8 of algorithm in Figure 9). It is aso possible that in a more complex application, more
than 10 cases will be required to adequately map the system-environment interaction, which will
increase the significance of the maximum number of cases that the system is allowed to construct.
In addition, other design decisions may also play an important role in the performance of the
system; thisisan issue for future research but one that can be addressed using the above evaluation
methodol ogy.

In summary, the evaluation was useful to verify and understand several aspects of the proposed
adaptive reactive controller. In particular:

e The evaluation showed that the robot does improve its performance with experience (Equa-
tion 14 and Figure 14) and that thisimprovement is statistically significant (Tables 4 and 3).

e Considering the two design parameters, maximum number of cases and utility threshold, the
evaluation showed that the performance of the system in a 15% cluttered world depends on
the utility threshold and not the maximum number of cases (Equation 15 and Tables5 and 6).
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e The evauation suggests a higher utility threshold would improve the performance of the
system (Equation 15); thus, these experiments have predictive value as well.

e Theevauation showed how that the system not only learnsto improve performance, but also
decreases the variability in its behavior as experience increases (Figure 13).

6 Discusson and Related Work

The performance of a reactive controller can be enhanced by learning when and how to adapt its
control parameters according to the environmental situation. A multistrategy learning algorithm
that combines ideas from case-based reasoning and reinforcement learning was proposed to learn
how to perform this adaptation. The algorithm is able to learn cases that partition the the input
gpace into regions such that the quantization error is minimized. This minimization is useful
because it alowsthe system to use the control parameters associated with the centroid of aregion
for all the points that are inside that region. Furthermore, the agorithm uses a reward signal
to reinforce the association of appropriate control parameters to each region. The algorithm is
able to learn consistent sequences of samples, which are likely to produce similar performance
results if used to face similar situations in the future. Finally, the agorithm learns incrementally
with every experience. This allows the system to use the current level of knowledge to produce
the best response it can, and then use the feedback obtained from its own experience to improve
its knowledge and perform better in the future. The following subsections discuss each of these
points in more detail along with related work in the area, and highlight the important assumptions
underlying the theory.

6.1 Learningan Adaptive Law

Parameter-adaptive reactive controllers can be more robust and achieve better performance than
reactive controllersbecausethey areableto adjust their parametersto particul ar operating conditions
faced by the agent. However, adaptive reactive controllers require the use of an adaptive law that
must be determined at design time. A learning adaptive reactive controller can learn and synthesize
an adaptive law using its own experience. Thistype of controller inherits al the advantages of the
adaptive reactive controller, but does not require a predefined adaptive law.

We formulated the problem of learning adaptive reactive controllers, and proposed the LARC
algorithm which can smultaneoudly learn and use an adaptive law for a reactive controller. The
algorithm gradually and incrementally learns an adaptive law by detecting and remembering se-
guences of situations and control parametersthat are consistent over time and are useful according
toareward signal. Thealgorithm uses previouss milar prototypical experiencesto find the best pa-
rameterization (asfar asit can determine) in any given situation. The algorithm isimplemented on
top of a schema-based reactive controller and validated on ssimulated and actual Denning MRV-I11
platforms.
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6.2 Self-Organization

Self-organization refers to the ability of an unsupervised learning system to develop specific
detectors of different signal patterns. Unsupervised learning tasks differsfrom supervised learning
tasks in the type of information supplied to the system. In supervised learning, a “teacher” must
supply the class to which each training example belongs, whereas in unsupervised learning the
goal isto look for regularities in the training examples. Self-organization in learning adaptive
reactive controllersis useful because it is unlikely that designers would have detailed knowledge
of how to characterize the environment in terms of the agent’s sensors. Thus, itis not easy to select
the appropriate control parameters values the reactive controller must use when facing specific
environments. A system that is able to characterize environmental situations autonomously can
associate useful control parameters to environmental situations and adapt the reactive controller
successfully.

TheLARC agorithmisbasedin part ontheideaof competitivelearning. Themain consequence
of thisisthat theinput space isquantized into regions such that the quantization error isminimized.
The assumption is that finer quantization of portions of the input space used more often helps
to improve the performance because the system can use different control parameter values under
the environmental situations used more frequently. This means that the system self-organizes to
create and adapt cases in situations where it needs them the most. An additional feature of the
LARC algorithmisthat the input space represents time sequences of sensorimotor inputs, allowing
the system to learn regularities that encode causal relationships between sequences of inputs and
outputs.

6.3 Incremental Learning

The LARC agorithm incorporates new knowledge incrementally with every experience. Thus,
the system learns in a continuous or “anytime” manner (Grefenstette & Ramsey, 1992). Thisis
useful because at every control interval, the system is able to use its current level of knowledgeto
adapt the control parameters to the current environmental situations. Then, during the next cycle,
the system can use the results of its actions to adapt and improve its current level of knowledge.
The assumption behind this idea is that the relationship of control parameters and the behavior
of the system is continuous. Given this assumption, the system is able to explore and find useful
control parameters by dightly modifying the control parameters suggested by the best-matching
case. Such random modification will produce only a small alteration in the intended behavior of
the system, but enough to perform exploration to improve performance.

6.4 Feature-Sensitive Detectors

The self-organization property of the multistrategy learning algorithm results in the creation of
cases. Cases contain sequences of samples that are consistent over time. This means that each
case develops into a feature-sensitive detector that correspond to a regularity in the interaction of
the robot and its environment. Feature-sensitive detectors are useful because they force the system
to perceive its environment in terms of these regularities, which means that the robot perceivesits
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environment in terms of “affordances’ between environmental situations and control parameters
(see Gibson, 1966, for a definition of affordance and Effken & Shaw, 1992, for a discussion on the
application of affordancesin roboticsapplications). For any given situation, the best-matching case
corresponds to the best strategy to follow in the adaptation sequence of control parameters under
the current environmental situation. The assumption behind this method is that the interaction
between the system and the environment can be characterized by afinite set of causal patterns or
associations between the sensory inputs and the actions performed by the system. The method
allowsthe system to learn only the causal patterns that the reward utility identifies as useful and to
use them to modify its actions by updating its control parameters as appropriate.

6.5 Case-Based Reasoning and L earning

Case-based reasoning systems have traditionally been used to perform high-level reasoning in
problem domains that can be adequately described using discrete, symbolic representations (see
Kolodner, 1993). The LARC agorithm may bethought of asamethod for “continuous’ case-based
reasoning which shares many of the fundamental assumptions of what might be called “discrete”
case-based reasoning in symbolic problem domains. Learning is integrated with performance.
Performance is guided by previous experience. New problems are solved by retrieving cases and
adapting them. New cases are learned by evaluating proposed solutions and testing them on area
or ssimulated world. The basic problem-solving mechanism relies on the retrieve-adapt-apply-learn
cycle common to case-based reasoning systems.

However, the requirements of continuous problem domains are significantly different in ways
that do not permit ready application of traditional case-based reasoning methods. For example,
a robotic navigation task requires representations of perceptual and motor control information,
unlike the symbolic, high-level information used in traditional case-based reasoning programs
(e.g., Hammond, 1989; Ram, 1993) and other similar approaches (e.g., Porter, Bareiss, & Holte,
1990). The input is a continuous stream of perceptual data from ultrasonic and other sensors; the
dataitself isanalog in the sense that the value of an input parameter can vary infinitessmally (within
the limits of the digitization and sampling parameters). In addition, perception and action must
be tightly integrated with what corresponds to planning and execution into a continuous, rea-time
process. Thisalso impliesthat cases must not only be retrieved and applied but also retroactively
modified through experience (e.g., Ram, 1993).

6.6 Machine L earning for Robotic Control

Our research is related to and builds on prior research in many areas of machine learning and
artificial intelligence, which has been discussed throughout thisarticle. Inthis section, we focuson
previousresearch on the problem of learning the parametersor structure of mobilerobot controllers.
Most of thisresearch emphasizes a particular learning algorithm or a specific architecture.

Genetic algorithms have been used to determine near-optimal parameters for a reactive con-
troller (Ram, Arkin, Boone, & Pearce, 1994). This approach consists of using genes to represent
the floating-point values of the parameters of the controller. Then, controllers are evolved by eval-
uating their fitness under different smulated environments. This unsupervised learning method
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reduces greatly thetask of configuring reactive controllersunder specific environments, but it lacks
the ability to adjust itself dynamically according to the current operating conditions during the
performance of the task.

Maes and Brooks (1990) propose an algorithm to learn to activate and deactivate behaviors.
The algorithm is able to learn the correlation between rewards and behavior activation through
experience. Given this correlation, the algorithm is capable of selecting and activating only those
behaviorsthat arerelevant and consistent. Relevant behaviorsarethosethat are positively correlated
with positive feedback or negatively correlated with negative feedback. Reliable behaviors are
those that produce consistent positive feedback when they are active. Following the terminol ogy
presented in this paper, this approach can be categorized as a limited version of a structuraly-
adaptive reactive controller. The controller can learn when its behaviors should become active
using positive and negative feedback.

Sutton, Barto, and Williams (1991) suggest the use of reinforcement learning for direct adaptive
control. Reinforcement learning methods combine methods for adjusting action-selections with
methods for estimating the long-term consequences of actions. The basic idea in reinforcement
learning algorithmssuch as Q-learning (Watkins, 1989) isto estimate areal-valued function, Q(-, ),
of statesand actions, where )z, «) isthe expected discounted sum of futurerewardsfor performing
action « in state = and performing optimally thereafter. However, in most implementations of Q-
learning, the function (-, -) is implemented as a lookup table which reguires that the states and
actions must be discrete sets (e.g., when states are represented using continuous variables, they
must be quantized into predefined ranges). Thus, they are not applicable to systems where states
and actions are represented with real values, asis necessary to continuously adapt the parameters
of a reactive controller based on sensory information (but see Lin, 1991, for an example of a
Q-learning system that uses continuous state representations and discrete actions).

Ram, Arkin, Moorman, & Clark (1992) proposed the ACBARR system, a case-based system
that can adapt the control parameters of a reactive controller in an on-line manner. ACBARR is
able to retrieve relevant cases given the current environmenta situation the robot is navigating
through. The retrieved case contains hand-coded rules that are used to adapt the parametersin the
current situation. According to the terminology presented earlier, ACBARR can be categorized as
a (non-learning) parameter-adaptive reactive controller. However, the adaptive law used to adjust
the parameters is not learned by the system. The LARC algorithm proposed here is inspired by
the ACBARR algorithm but it can aso learn an appropriate adaptive law to be used to improve
performance.

7 Conclusions

7.1 FutureWork

The methods presented in this article were evaluated using one instance of a schema-based reactive
controller. Although the formulation presented in section 3 is independent of the controller
architecture, experiments with different controllers will be required to validate the generality of
the approach. Additionaly, there are other tasks besides autonomous robotic navigation that are
suitablefor reactive controllers. Two examplesare autonomouslegged |ocomotion and autonomous

34



boat navigation. Inautonomouslegged locomotion, the control parametersof thereactive controller
must be adjusted to obtain coordination of the legs so that the robot can move safely and efficiently.
Autonomous boat navigation is similar to autonomous robotic navigation but with the additional
challenge of dealing with drift and superficial fluid currents. These tasks are different from
autonomous robotic navigation in that the interaction between the system and the environment is
governed by different physical laws. Evaluating the proposed approach under other tasks will be
required to validate the theory supporting the LARC agorithm, namely, to show that the learning
system can capture regularitiesin the interaction of the robot and its environment and can use them
to improve performance.

There is still much room for improvement in adaptive reactive controllers. The methods
proposed here deal only with parameter-adaptive reactive controllers. More work is required to
integrate ideas from adaptive control, machine learning, and artificia intelligence to deal with
structurally-adaptive reactive controllers. Such controllers will be able to learn additiona archi-
tectura components and component relationships to improve system performance. In the case
of schema-based reactive controllers, this would correspond to learning assemblages of motor
schemas. An assemblage consists of a set of motor schemas that are active smultaneoudly and
cooperate with each other to obtain a common objective. Different assemblages may be required
to navigate during quite different types of environment. For example, a robot may use one assem-
blage while navigating inside a building and then switch to a different assembl age while navigating
outside the building. In the first assemblage, only the motor schemas that help the robot navigate
through a structured environment with walls, doors, and furniture will be active. In the second
assemblage, only the motor schemas that help to navigate in open terrainswill be active. Note that
on-linelocal adaptation during the use of each assemblage using LARC or asimilar algorithm will
still be required to adapt to different local environment situations.

7.2 Summary

Learning adaptive reactive controllers can improve the performance of the navigation task in au-
tonomous robots. We proposed a formulation of learning adaptive reactive controllersin terms of
basi ¢ conceptsfrom adaptive control theory, autonomousrobotics, and machinelearning. Addition-
ally, we proposed an algorithm that is able to learn and use amapping to tune a parameter-adaptive
reactive controller in order to improve the performance of an autonomous mobile robot. The algo-
rithm uses a multistrategy case-based reasoning and reinforcement learning approach to partition
the input space into regions such that it can create amapping between environmental situations and
control parameters. The mapping is represented as a set of cases and encodes the adaptive law for
the controller. The algorithm can learn and use the mapping simultaneoudly, using its own experi-
ence to incrementally refine the mapping so that the performance of the system can be improved
in future situations. The theory supporting the algorithm consists of capturing regularitiesin the
interaction of the system and its environment and using them during future similar situations. Reg-
ularitiesare casua patternsthat are consistent over time; they help to improve system performance
because of the predictive power obtained through this consistency. Thus, an agent that is able to
perceive its surrounding environment in terms of these regularitiesis able to detect affordancesfor
improving its performance. Finally, we presented results from systematic empirical evaluations
of an implemented system that verify that the algorithm improves the performance of a robotic
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navigation system through experience.
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