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Preface

Learning classifier systems are a machine learning paradigm introduced by John
Holland in 1976. They are rule-based systems in which learning is viewed as
a process of ongoing adaptation to a partially unknown environment through
genetic algorithms and temporal difference learning.

From the beginning, classifier systems have attracted the interest of resear-
chers in many different areas, ranging from the design of gas pipelines to personal
internet agents, and including cognitive science, data mining, economic trading
agents, and autonomous robotics. In 1989 Stewart Wilson and David Goldberg
presented a review of the first decade of classifier system research, discussing
some of the milestones that characterized the field’s early development. In 1992
the First International Workshop on Learning Classifier Systems (IWLCS92)
was held in Houston, Texas.

The 1990s saw an increasing interest in the field: many successful applications
to real-world problems were presented as well as new classifier system models.
With seven years since the first workshop and more than 400 papers published,
it was time in 1999 to examine again the state of the art of learning classifier
system research. For this purpose the Second International Workshop on Lear-
ning Classifier Systems (IWLCS99) was organized and the idea of this volume
conceived. The workshop, held in Orlando, Florida, July 13, 1999, attracted a
vital community of researchers from many different areas who share a common
interest in this machine learning paradigm. Some of the most interesting work
presented at the workshop appears in this volume.

Our book provides an overview of the current state of the art of learning clas-
sifier systems and highlights some of the most promising research directions. The
first paper of Part I asks the fundamental question: “What Is a Learning Clas-
sifier System?”. Answers are given by John Holland, originator of classifier sy-
stems, and by other long-time researchers in the field: Lashon Booker, Marco Co-
lombetti, Marco Dorigo, Stephanie Forrest, David Goldberg, Rick Riolo, Robert
E. Smith, and Stewart Wilson. Three following papers summarize, from diffe-
rent perspectives, developments in the field since Wilson and Goldberg’s 1989
review. Part I contains papers on advanced topics of current interest, including
alternative representations, methods for evaluating rule utility, and extensions to
existing classifier system models. Part III is dedicated to promising applications
of classifier systems such as: data mining, medical data analysis, economic tra-
ding agents, aircraft maneuvering, and autonomous robotics. A classifier systems
bibliography with more than 400 references completes the book.

We hope that this volume will be a key reference for researchers working
with learning classifier systems over the next decade; the constantly increasing
interest in this paradigm suggests that there will be many of them!



VI Preface

While we are already looking forward to editing the sequel of this book in
2010, we hope to see you in Paris on the 16" September 2000, for the Third
International Workshop on Learning Classifier Systems (IWLCS 2000).

March 2000

Pier Luca Lanzi
Wolfgang Stolzmann
Stewart W. Wilson
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What Is a Learning Classifier System?

John H. Holland!, Lashon B. Booker?, Marco Colombetti®, Marco Dorigo?,
David E. Goldberg®, Stephanie Forrest®, Rick L. Riolo’, Robert E. Smith?,
Pier Luca Lanzi®, Wolfgang Stolzmann®, and Stewart W. Wilson®:1°

! University of Michigan, USA
2 The MITRE Corporation, USA
3 Politecnico di Milano, Italy
4 IRIDIA, Université Libre de Bruxelles, Belgium
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6 Santa Fe Institute, USA
7 Center for Study of Complex Systems
University of Michigan, USA
8 The Intelligent Computer Systems Centre
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9 University of Wuerzburg, Germany
10 Prediction Dynamics, USA

Abstract. We asked “What is a Learning Classifier System” to some of
the best-known researchers in the field. These are their answers.

1 John H. Holland

Classifier systems are intended as a framework that uses genetic algorithms to
study learning in condition/action, rule-based systems. They simplify the “bro-
adcast language” introduced in [26] by (i) eliminating the ability of rules to
generate other rules, and (ii) by simplifying the specification of conditions and
actions. They were introduced in [27] and were later revised to the current “stan-
dard” form in [28]. [31] gives a comprehensive description of this “standard”
form, with examples. There are, however, many significant variants (e.g., Boo-
ker [9) this volume], Riolo [59], Smith [67, this volume], Wilson [83]).

In defining classifier systems I adopted the common view that the state of the
environment is conveyed to the system via a set of detectors (e.g., rods and cones
in a retina). The outputs of the detectors are treated as standardized packets
of information, messages. Messages are used for internal processing as well, and
some messages, by directing the system’s effectors (e.g., its muscles), determine
the system’s actions upon its environment. There is a further environmental
interaction that is critical to the learning process: the environment must, in
certain situations, provide the system with some measure of its performance.
Here, as earlier [20], I will use the term payoff as the general term for this
measure.

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS’99, LNAI 1813, pp. 3-82, 2000.
© Springer-Verlag Berlin Heidelberg 2000



4 J.H. Holland et al.

1.1 Basic Questions

Classifier systems address three basic problems in machine learning:

Parallelism and coordination. A system is unlikely to have enough single,
monolithic rules to handle situations like “a red Saab by the side of the road
with a flat tire”, but such a situation is easily handled by simultaneously ac-
tivating rules for the building blocks of the situation: “car”, “roadside”, “flat
tire”, and the like. In short, a rule-based system can handle a broad range of
novel situations if it can act on them with combinations of “building block”
rules. Then combinatorics works for the system instead of against it. Moreover,
because appropriate building blocks appear frequently, in a wide range of situa-
tions, they are tested and confirmed at a high rate. The problem is to provide
for the interaction and coordination of a large number of rules that are active
simultaneously.

Credit assignment. Deciding which rules in a rule-based system are responsi-
ble for its successes, particularly when long sequences of “stage-setting” actions
precede success, is an interesting and difficult problem. If the system is not con-
tinually monitored by a referee, solution of this problem is a sine qua non for
learning. The problem is to credit an early action, which may look poor (as in
the sacrifice of a piece in chess), for making possible a later positive action (as
in setting the stage for the capture of a major piece).

In realistic situations, exhaustive exploration of all possible action paths (as
in dynamic programming and Q-learning) is not feasible. So the credit assign-
ment scheme must be “local”. When many rules are active simultaneously the
situation is exacerbated. Only a few of the early-acting rules may set the stage,
while other rules active at the same time may be ineffective or, even, obstruc-
tive. Samuel’s early work [65], using prediction over extended action sequences,
points the way, but few have exploited his insights.

Rule discovery. Rule discovery (or its equivalent) is the most recondite pro-
blem in machine learning. It was not even well-handled in Samuel’s remarkable
work. We know that rules receiving little credit (“low strength”) should be repla-
ced, but random generation of new rules can only work for the smallest problems.
The key to effectiveness is use of past experience to generate plausible hypothe-
ses (rules) about situations as yet poorly understood — hypotheses not obviously
contradicted by past experience.

Behind these three basic problems is a deeper question: How does a system
improve its performance in a perpetually novel environment where overt ratings
of performance are only rarely available? Obviously such improvement is not
possible unless the environment has repeating (sub-)patterns. A learning task of
this kind is more easily described if we think of the system as playing a game
of strategy, like checkers or chess. After a long sequence of actions (moves), the
system receives some notification of a “win” or a “loss” and, perhaps, some
indication of the size of the win or loss. There is little information about specific
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changes that would improve performance. Most learning situations for animals,
including humans, have this characteristic — an extended sequence of actions is
followed by some general indication of the level of performance.

1.2 How Classifier Systems Address These Questions

In classifier systems, parallelism and coordination are addressed by restricting
rule action to the emission of messages. Tags in the messages allow flexible “ad-
dressing”, providing coordination of activities. Detectors translate the current
state of the environment into messages, and effectors translate selected messages
into actions on that environment. The overall classifier system, then, can be vie-
wed as a message processing system acting on the current list (set) of messages.
Because messages only serve to activate rules, questions of “rule consistency”
and “consistency maintenance” are avoided. More messages simply mean more
active rules, and vice-versa.

Credit assignment is handled by setting up a market situation. In that market
each rule acts as a go-between (broker, middleman) in chains leading from the
current situation to (possible) favorable outcomes. At each instant, rules with
satisfied conditions bid for the right to become active. If a rule becomes active,
it pays its bid to the active predecessor(s) that sent messages satisfying its
conditions (its “suppliers”). As an active rule, it then stands to profit from bids
of subsequent bidders (its “consumers”). Rules active at the time of external
payoff (reward, reinforcement) are apportioned the payoff as if it were income
from “ultimate consumers”.

Credit is accumulated by the rule as a strength (a kind of capital). Many
of the variants of classifier systems offer alternative schemes for apportioning or
accumulating credit. In general, whatever the apportionment scheme, stronger
rules bid more, thereby being more likely to win the bidding process. That, in
turn, makes those rules more likely to influence the system’s behavior.

Rule discovery exploits the genetic algorithm’s ability to discover and recom-
bine building blocks. Classifier systems have “building blocks” at two levels: the
parts (schemata) from which the condition and action parts of individual rules
are constructed, and the rules themselves, as components of the overall system.
The genetic algorithm works on this “ecology” at both levels. Because it is desi-
gned to work on populations (sets of rules), it is well suited to the task. Indeed
classifier systems were designed with just this objective in mind.

Rule strength enters at both levels, being treated as a fitness (likelihood of
being the parent of new rules) by the genetic algorithm. Variants offer different
ways of translating strength into fitness, contingent on the particular variant
used for credit assignment.

Each of the mechanisms used by the classifier system has been designed to
enable the system to continue to adapt to its environment, while using its extant
capabilities to respond instant-by-instant to that environment. In so doing the
system is constantly trying to balance exploration (acquisition of new infor-
mation and capabilities) with exploitation (the efficient use of information and
capabilities already available).
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1.3 Implementation

The computational basis for classifier systems is provided by a set of condition-
action rules, called classifiers. A typical (single condition) rule has the form:

IF there is (a message from the detectors indicating)
an object left of center in the field of vision,
THEN (by issuing a message to the effectors)
cause the eyes to look left.

More generally, the condition part of the rule “looks for” certain kinds of
messages; when the rule’s conditions are satisfied, the action part specifies a
message to be sent. Messages both pass information from the environment and
provide communication between classifiers. Because many rules can be active
simultaneously, many messages may be present at any given instant. From a
computational point of view, it is convenient to think of the messages as collected
in a list.

A computer-based definition of these rules requires a proper language for
representing classifiers. It is convenient to think of the messages as bit strings
(though representation via any alphabet or set of functions is equally possible).
We can, in addition, think of each bit position as representing the value of a
predicate (1 for true, 0 for false) though, again, this is only a convenience and
not necessary for more complex representations. Classifier conditions then define
equivalence classes (hyperplanes) over the message space using the don’t care
symbol '#’. More recently, it has proved useful to introduce a symmetry that
allows messages to act over equivalence classes of conditions, using the ’fits all’
symbol ’?’. Other variants have been studied (e.g., [86, this volume], [1]).

If messages are bit strings of length m over the alphabet 1,0, then conditions
are strings of length m over the alphabet 1,0, and actions are strings of length
m over the alphabet 1,0,7. The genetic algorithm mates these strings to produce
new competing rules.

1.4 Future Research

In recent years there has been a focus on classifier systems as performance sy-
stems or evolutionary incarnations of reinforcement systems (e.g., Lanzi [47],
Wilson [87), this volume]). This has been fruitful but, I think, falls short of the
potential of classifier systems. Smith [67, this volume] makes the point that clas-
sifier systems, in their ability to innovate, offer broader vistas than reinforcement
learning.

In my opinion the single most important area for investigation vis-a-vis clas-
sifier systems is the formation of default hierarchies, in both time (“bridging
classifiers” that stay active over extended periods of time) and space (hierarchies
of defaults and exceptions). Having been unable to convince either colleagues or
students of the importance of such an investigation, I intend to pursue it myself
next summer (year 2000).



What Is a Learning Classifier System? 7

2 Lashon B. Booker

Speculations about future directions for classifier system research can benefit
from a look at Holland’s original research goals in formulating the classifier sy-
stem framework [2731]. The early motivations for classifier system research were
derived from the many difficulties that a learning system encounters in a com-
plex environment. Realistic environments are both rich and continually varying.
They force a learning system to deal with perpetually novel streams of informa-
tion, and often impose continual requirements for action given sparse payoff or
reinforcement. There are many examples of natural systems and processes that
handle such challenges effectively: the central nervous system, co-adapted sets
of genes, the immune system, economies and ecologies. Most artificial systems,
on the other hand, tend to be brittle in the sense that substantial human inter-
vention is often required in order to realign system responses to address changes
in the environment. Holland identified a list of criteria for avoiding brittle be-
havior. These criteria summarize key aspects of what appears to lie behind the
flexibility exhibited by natural systems: they implement processes that build
and refine models of the environment. Moreover, these models typically involve
massive numbers of elements adapting to the environment and to each other
through many local nonlinear interactions. Classifier systems were proposed as
an example of a rule-based system capable of learning and using multi-element
models of this kind.

While initial research on classifier systems focused on many of the now-
familiar computational mechanisms and algorithms, it is important to keep in
mind that “The essence of classifier systems is a parallelism and standardization
that permit both a ‘building block’ approach to the processing of information
and the use of competition to resolve conflicts.” [31] p. 611]. The “standard”
computational procedures are significant because they illustrate how it is possi-
ble, in principle, to design and build a system that meets the criteria for avoiding
brittleness. However, in my view, it is the design principles that provide the insi-
ghts about what a classifier system “is”. For that reason, I find it useful to think
of the classifier system framework in the broadest sense as a general-purpose ap-
proach to learning and representation. This approach provides a way of looking
at problems and structuring flexible systems to solve them, but it does not neces-
sarily prescribe the detailed methods that are best suited for solving a particular
problem class. Research in classifier systems typically focuses on computational
methods, but too often advances in methodology are not leveraged to further
our understanding of the broader issues that the classifier system framework was
designed to address. I believe that the most important goal for classifier system
research is to develop deeper insights about how our computational methods
bring us closer to realizing the capabilities Holland envisioned in his original
concept.

One way to achieve this goal is to develop more formal characterizations of
classifier system methods and processes. There has been relatively little work
along these lines since Holland’s [30] early attempt to characterize what a regu-
larity is in a perpetually novel environment, and what it means for a classifier
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system to exploit these regularities. An agenda of theoretical issues that need
to be pursued was proposed more than a decade ago [10] and it remains rele-
vant today. Research like this is needed so that classifier system design decisions
can be grounded in clear, preferably formal statements of the technical issues
being addressed. We also need need to be able to characterize the capabilities
and limitations of classifier systems more carefully, including some expectations
regarding the quality of the solutions the system is likely to learn.

Another way to broaden our understanding of classifier system design princi-
ples is to study them from a wider variety of perspectives. The classifier system
research to date has focused almost exclusively on the learning and representa-
tion issues that are prominent in reinforcement learning problems. Recently there
have been systems and methods proposed that emphasize other perspectives on
learning and representation. These perspectives have been derived from studies
of the immune system [64], agent-based economic models [I8], and ecologies [9].
New computational methods will emerge from this research, and similar excur-
sions should be encouraged. Hopefully, this will lead to new insights about how
to build systems that confirm Holland’s original intuitions about the potential
of the classifier system framework.

3 Marco Colombetti and Marco Dorigo

During most of the nineties, we have been using learning classifier systems (LCSs)
to develop simulated animats and real robots able to learn their behavior. The
types of behavior we focussed on were quite zoomorphic (exploring an environ-
ment, searching for and chasing a prey, fleeing from a predator, and so on).
However, we were more interested in investigating ways of using reinforcement
to shape the behavior of an agent, rather than in studying how a system can
spontaneously adapt to a natural environment. We viewed our work mostly as
a contribution to behavior engineering, as we call the discipline concerned with
the development of flexible autonomous robots. Most of the results of this work
were finally collected in a book [17].

Throughout our research, we regarded LCSs as a promising model for rein-
forcement learning (RL). For this reason, we have been surprised to see that
LCSs are often contrasted with RL, as if they were different approaches. In our
opinion, it is important to distinguish between RL as a class of problems, on
one side, and the learning techniques typically studied by the RL community, on
the other side. As is well known, the fundamental problem of RL is defined in
the following setting (Fig. ). An agent interacts with an environment through
sensors and effectors. At times, the agent receives from the environment a scalar
signal, called reinforcement (r). The problem is to exploit the agent’s experience
(i-e., the history of its interactions with the environment) to develop a behavior
policy that maximizes some functional of reinforcement over time.

RL problems can be studied from two different viewpoints. They can be
regarded as abstract problems, and dealt with in a purely mathematical way. The
main point here is to define learning algorithms of low computational complexity
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agent

sensors effectors

environment

Fig. 1. The reinforcement learning setting.

that are guaranteed to converge to an optimal behavior policy. Alternatively, an
RL researcher may take a more concrete standpoint, and focus on the agent
as a software system. The main questions now become, H ow can we represent
behavioral policies in a compact way? How can we efficiently implement RL
algorithms on such representations? Should we trade policy optimality for higher
computational efficiency, and how? Can we develop RL systems that scale up
to problems of realistic size? These are the questions we had in mind when we
started to apply RL techniques to robot shaping.

Since the beginning of our work, we felt that LCSs were fit for solving the
RL problems we wanted to tackle. The features we found most appealing were
the overall architecture of LCSs, and the use of a genetic algorithm (GA) in the
discovery component. As far as architecture is concerned, we believe that the
production rule paradigm, of which LCSs are an example, is particularly suita-
ble for implementing adaptive agents. This paradigm allows for a very peculiar
interaction of simple behavioral rules, in such a way that both cooperation and
competition among several rules are exploited to generate opportunistic beha-
vior. Production rules have been very successful within the classical approach of
symbolic artificial intelligence, and we think that the reasons of such a success
are still valid in a more low-level approach.

The main reason of our interest in LCSs, however, was due to its evolutio-
nary component. As we have argued elsewhere [13], a major aspect of behavior
engineering is the attempt to go beyond the limits of “rational design.” By this
we mean that the behavior of a real robot cannot be completely predefined.
Learning, quite obviously, is a way of overcoming ignorance. However, ignorance
is a problem not only for the learning agent, but also for the robot’s designer.
For an agent interacting with a physical environment, learning is going to be not
only a matter of optimally tuning a set of parameters, but also of discovering
structure. An optimal coupling of an agent with its environment is only possi-
ble if the dynamical structure of the environment is somehow mirrored by the
structure of the agent’s representation of its own behavior policy.

The evolutionary component of an LCS has the remarkable ability to produce
a compact representation of a relevant subspace of all possible behavior rules.
In principle, this gives LCSs the power to scale up to problems of realistic size.
Unfortunately, in our work we found that the learning power of LCSs is still
too weak to deal with the kinds of problems involved in concrete applications of
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autonomous robots. We tackled this difficulty in the following way. First, we gave
our learning agents as much input information as possible, by adopting a step-by-
step reinforcement schedule. Second, we endowed our agents with some “innate”
structure, by predesigning a hierarchical architecture for behavior control. To do
so, we exploited ALECSYS [16]15], a transputer-based system that allows for the
implementation of a network of interconnected LCSs. As a result, a substantial
part of the final agent behavior is actually suggested by the designer, through
the development of a suitable architecture and through a skillful definition of
the reinforcement function. Notwithstanding this, we believe that the results are
still of great interest for behavior engineering. In particular, the use of an RL
approach allows the robot designer to concentrate on a high-level specification of
the target behavior (through the definition of the reinforcement function), thus
avoiding the risk of being caught up in a bundle of details.

Since we completed our work on robot shaping, much water has flown under
the bridge of LCSs. The introduction of the XCS model by Wilson [83] appears
to us to be a major achievement, for both theoretical and practical reasons. From
a theoretical point of view, the main virtues of XCS are that it is a very neat
model, and that it stresses the belonging of LCSs to the field of RL. We hope
that, in the future, the RL community will be more inclined to regard LCSs as an
interesting approach to the solution of RL problems. From the practical point of
view, XCS has the advantage, at least to our eyes, that it gets rid of some aspects
of the LCS model that, although very interesting in principle, have not proved
to work effectively in practical applications. In particular, we want to mention
the mechanism by which an LCS is expected to form rule chains that may be
considered as simple behavior plans. In our experiments, we never happened to
observe such a phenomenon. The current approach based on the use of memory
registers [46/52] seems to us to be a more promising way of overcoming the
limitations of simple reactive behavior.

4 Stephanie Forrest

Classifier systems were originally proposed as a model of inductive processes in
human-like cognitive systems [25]. The basic classifier system architecture incor-
porates ideas from artificial intelligence, machine learning, cognitive psychology,
economics, evolution, and computer design into one framework. The system has
the following components: parallel forward-chaining rules, a reinforcement lear-
ning algorithm (the bucket brigade), a set of ”genetic operators” for evolving
the rule set, a simple interface with the external environment, and a theory of
model construction based on homomorphic maps.

Classifier systems represented an advance in our thinking about cognitive mo-
deling in several ways. Representations in classifier systems were (and are still)
fine-grained—the execution of a single rule represented a much smaller reasoning
step that those commonly found in symbolic production systems [56], and infor-
mation was encoded as simple bit strings, rather than complex data structures,
as in semantic networks or conceptual dependency theory. One hypothesis about
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classifier systems was that symbolic-level reasoning would arise spontaneously
from fortuitous interactions and combinations of individual rules. Such symbols
would be discovered and manipulated naturally by the system, fluidly and im-
plicitly, without the need for explicitly named locations in memory such as those
found in the symbolic reasoning systems mentioned earlier. Many rules could be
active simultaneously, thus allowing the system to consider multiple, and even
conflicting, hypotheses up until the time that an output decision was made.
But because the message list had finite size, there was also the possibility of
competition among rules, allowing the system to focus. By contrast, most other
reasoning systems of the day required that the system be maintained in a logi-
cally consistent state at all times. Classifier systems incorporated two important
forms of learning—the bucket brigade to assign credit (reward) among among
classifiers, and various discovery operators for generating variants and recombi-
nations of existing successful rules. These learning mechanisms, combined with
the 1,0,% vocabulary of rules, allow the system to discover and represent kno-
wledge in terms of equivalence classes. This is important in environments with
large numbers of states, where methods such as Q-learning [79] are problematic
because of the huge number of possible state/action pairs. Finally, and in my
view, most importantly, classifier systems were constructed as the realization of
a formal theory about how intelligent systems construct internal models of their
environment and use those models to enhance their existence. This theory, based
on homomorphic maps and an extension, known as quasi-morphisms, remains
as one of the central contributions of classifier systems.

With a few notable exceptions, for example [60)], the past twenty years of
research on classifier systems has focused on engineering the architecture so
that it exhibits plausible computational behavior and can solve interesting real-
world problems. Although great progress has been made on this front, there has
been relatively little emphasis on the cognitive modeling issues that classifier
systems were intended to address. Of these, perhaps the most central outstanding
question is what symbols are and how they are discovered, maintained, and
used effectively. It is commonly believed that higher animals, such as humans,
rely heavily on the use of symbols to represent and manipulate models of the
environment, for language, and other abstract cognitive tasks. However, we still
have little understanding of how symbols are stored and processed in the brain.
These and other questions related to classifier systems as a model of cognitive
activity are an important direction for future research.

Ideas about situated intelligence, such as those described in [23]12], have
changed our views about the nature of intelligent artifacts. Natural systems ex-
hibiting intelligent behavior are now understood as having co-evolved with their
environments, rather than as isolated designs. The interactions between these in-
telligences and their environments are central to their success, even in the case of
brains where the majority of neural activity is internal to the system (e.g., when
we are asleep and dreaming). Brains are structurally organized around impor-
tant sources of sensory input, such as the visual system, and are continuously
exposed to environmental signals, even during embryonic development, where
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spontaneous retinal activity allows topographic mapping of the retina onto the
developing visual cortex. Situated intelligent artifacts are perhaps more complex
to think about, because they cannot be neatly separated from their environ-
ments, but they can in some cases use their environments in ways that simplify
their computations.

Thus, a second important area of future research is to rethink our assumpti-
ons about classifier design from the perspective of situated intelligence. Classifier
systems were originally intended as a generic architecture for cognitive systems,
one that could be placed in a wide variety of different environments, and this has
biased our ideas about how to deploy classifier systems. For example, most clas-
sifier systems have narrow-bandwidth interactions with their environments, and
it might be appropriate to think about designing them from a more perceptual
perspective, creating systems that are "awash” in environmental messages, as
for example, in ref. [64] where a system resembling a classifier system is situated
in a live local area network, exposed to a constant flow of TCP/IP packets.

One missing component in classifier systems is the ability to aggregate sets
of rules into encapsulated components, analogous to subroutines in conventional
programming languages. Classifier systems are ”"flat” in the sense that all rules
have the same status, and groupings of rules into subroutines (corresponding
to subassemblies in Hebbian models) are intended to occur automatically, with-
out an explicit reinforcing mechanism. Although it may be technically possible
to design rule sets that have this property, through the use of tags and brid-
ging classifiers, it is highly unlikely that robust logically isolated components
will be discovered and sustained through the learning operations of the classifier
system. Rather than trying to improve our learning algorithms or to devise cle-
verer representations, I believe that an explicit mechanism is needed, analogous
to Koza’s automatic function definition for genetic programming [43]. Such a
mechanism would recognize effective clusters of classifiers, aggregate them into
a single unit such that the individual rules were not directly accessible from ou-
tside the cluster, define a limited interface to the rest of the system, and protect
them from the ongoing pressures of mutation and crossover.

The original insights which inspired the design of classifier systems remain
compelling, and they address important and unresolved issues in our under-
standing of intelligent systems. Few would argue that the exact mechanisms
employed by classifier systems are those used in human brains, but the classifier
system serves as an illustration of a set of design principles that are central in
the design, and our understanding of the design, of many intelligent systems,
including the brain. I believe that it is important for researchers to focus more
on the basic principles exhibited by classifier systems and less on the specific
implementation that was introduced nearly twenty years ago.

As an example, Steven Hofmeyr recently developed a model immune system
which resembles the spirit of classifier systems, but implements few of the archi-
tectural details in the same way [24]. Detectors in this system represent generic
immune cells, combining properties of T-cells, B-cells, and antibodies, and cor-
respond to the condition parts of classifiers. However, instead of using a match
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rule based on the 1,0, alphabet traditionally used in classifier systems, Hof-
meyr adopted one called r-contiguous bits [58] based only on bit strings. To
extend the immune detector into a full-fledged condition/action classifier rule,
a few bits can be concatenated to each detector to specify a response (analo-
gous to different antibody isotypes). Instead of associating a strength with each
rule, each detector in the model immune system has a life cycle, consisting of
immature, naive, activated, memory, and death states. These states reflect how
successful the detector is and how long it will live. The mechanisms that control
how detectors move through their life cycle correspond to the role of the bucket
brigade (credit assignment) in classifier systems. However, learning in the mo-
del immune system is simpler than classifier systems in the sense that credit
is assigned directly from the environment to the detectors, and strength is not
passed among immune cells. Internal feedbacks and self-regulation are modeled
through a primitive form of a cytokine system (signalling molecules secreted by
immune cells, which diffuse locally and either stimulate or downregulate other
immune cells). In place of the message list, the system is intended to live in a
computer network environment, constantly exposed to new signals. Bidding for
messages in classifier systems is analogous to immune cells competing to bind to
foreign datapaths. Although the mapping between this model immune system
and classifier systems is not 1—1, it captures many of the important properties of
classifier systems and provides an example of how the spirit of classifier systems
might be realized in new ways.

5 David Goldberg

Some Reflections on Learning Classifier Systems. I appreciate the edi-
tors’ invitation to contribute to this important volume marking what must be
called a renaissance of learning classifier systems (LCSs). Although I have kept
my finger in the LCS pie through occasional papers on LCS subjects, the main
body of my work shifted following my 1983 dissertation applying genetic algo-
rithms (GAs) and LCSs to gas pipeline control; in recent years, I have largely
focused my efforts to develop (1) an effective methodology for the design of
GAs, (2) an integrated design theory for selectorecombinative GA design, (3)
competent genetic algorithms—GAs that solve hard problems, quickly, reliably,
and accurately, and (4) efficiency enhancement technologies (EETSs) for faster
solutions.

In this short essay, I'd like to give some personal reflections on why I shifted
my work away from learning classifier systems, what I learned from those efforts,
and why I am renewing a more active program in LCS research. I start by
reflecting on my involvement in classifier systems back in the eighties.

Some Ancient LCS History. When I first proposed my dissertation topic
in 1980, I was under the impression that these things called classifier systems
were well understood and that my dissertation would be a relatively simple
exercise in application. After all, as I sat through John Holland’s lectures at the
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University of Michigan, it all sounded so plausible: roving bands of rules fighting,
mating, competing, dying, giving birth, and so forth. The first indication that
there might be some work to do was when I went to look for some computer
code to build on and found that there wasn’t any available to me. The second
indication of difficulty came when I actually built a classifer system on my little
Apple IT computer in Pascal, turned it on, and realized that productive system
performance was completely drowned out by the action of myriad parasitic rules.

Thereafter, I realized that I couldn’t shotgun my way to success. I knew that
I needed to engineer the system well using bounding analyses, careful experi-
ments, and intuition, and I proceeded to construct what I believe was the first
classifier system to exhibit a default hierarchy. True, by today’s standards, the
accomplishment was modest, but I did succeed in creating a system with ru-
les and messages, apportionment-of-credit, and genetic learning. The university
granted me my PhD, and I moved on to the University of Alabama, wondering
what I should do next.

A Quest for Competent GAs and 3 Lessons. Some pointed questioning
in my dissertation defense helped me realize that EVERY aspect of classifier
system design at the time was built on intellectual quicksand. Elsewhere, I have
called classifier systems a glorious quagmire, and I believe this description at that
time was apt. Genetic algorithms had bounding schema theory, but competent
GAs had not yet been designed. The bucket brigade had the right idea, but
the theorems of reinforcement learning were not yet available to us, and no
one knew what rule syntax was necessary to solve the problems at hand. This
situation seemed untenable to me. After all, in physical system design, engineers
are used to having the laws of physics to guide system design. Here, the design
environment was shifty, to say the least.

My immediate reaction to that environment was to look at the heart of
genetics-based machine learning (GBML), the genetic algorithm, and see if I
could tame GA design somewhat. My reasoning was that with effective GAs in
hand, I would be able to return one day to classifier system design without the
core rule induction method as a big question mark. This is not the forum for a
detailed discussion of these explorations in competent GAs; various papers and a
forthcoming monograph will better serve this function for the reader. Instead, I
would like to briefly discuss three fairly high-level lessons of this journey, lessons
that I believe carry over to the problem of competent LCS design.

Specifically, my explorations in competent GA design have taught me the
importance of three things:

1. a proper methodology of invention and design,
2. the right kind of design theory, and
3. the right kind of test functions.

I briefly discuss each somewhat further.

Elsewhere I have borrowed from my colleague Gary Bradshaw and used the
Wright brothers and their method of invention and design to help designers of
complex conceptual machines such as genetic algorithms and classifier systems
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to understand how to build conceptual machines that work. Too often in the
domain of the conceptual, mathematical rigor is a siren song that wrecks the
design voyage on the shoals of proof. It is important in designing any complex
system to (1) decompose the design problem, (2) use effective, economic design
theory to organize experimentation and guide design efforts, and (3) integrate
the pieces of the design with dimensional reasoning. This method of invention is
commonplace in the design of material machines such as airplanes, automobiles,
and toasters, but it is not so frequently adopted in algorithmic circles. Design
is design is design, and the rules of design don’t change just because we are
designing a genetic algorithm or a classifier system instead of an airplane or an
automobile.

A key ingredient of this methodological prescription is economic design theory.
By “economic” I mean that the models need to have low costs in use. In aero-
dynamics, designers use “little models” such as lift coefficients and drag coeffi-
cients to quickly and cheaply understand the magnitude of lift and drag forces
an aircraft is likely to encounter and how those forces will scale as the aircraft
is made larger and smaller. Genetic algorithmists and classifier system designers
need to find and use appropriate “little” models to understand the various facets
of GA and LCS design and how the “forces” acting on our systems scale as the
systems change “size.” Too much of our theory literature is devoted to elegant
equations that tell us little about the design of our systems. The Wright brothers
eschewed the Navier-Stokes equation in favor of lift and drag coefficients, much
to the betterment of modern aviation. Perhaps we should do likewise.

One aspect of design theory that comes up in all contexts is the use of bo-
undedly difficult test functions. In the domain of GAs, I have used the term
deception to describe a key facet of GA problem difficulty. Some researchers are
confused about the goals of such work, but the main idea is to imagine a system’s
problem from hell and use boundedly hellish problems to test the procedure. In
general, we know the problem from hell is too difficult to solve quickly, but we
should not give up on designing procedures that scale nicely on problems of les-
ser or bounded difficulty. Competent GAs being designed today have this nice
scaling property and similar continuing concern for problem difficulty in LCS
work should pay dividends.

A Return to LCSs. Recently, I have returned to a more active role in LCS
research through collaborations with a number of LCS researchers, and I have
been pleased (1) by the amount of fun that I'm having, (2) by the amount of
progress that has been made in the field, (3) that my old LCS knowledge isn’t
completely useless, and (4) that the lessons of my competent GA journey appear
to be quite applicable to the project of competent LCSs. I suppose I shouldn’t
be surprised by having fun with LCSs. The design of general-purpose learning
devices such as LCSs is an engaging business, pure and simple. And I suppose
that I shouldn’t be surprised by the progress in the field. For a time it almost
looked as if LCSs might die off, but stalwarts led largely by Stewart Wilson have
kept the fire burning with important ties to the reinforcement learning literature
and a number of novel approaches.
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It does strike me that much of the progress has been made on the apportionment-
of-credit /reinforcement-learning side of the ledger. The nature of the genetic
algorithms in use appears not to have been much affected by the GA/ES/GP
innovations of the last decade, and I hope that this an area where I might be able
to make a contribution. At the very least, the competent GAs that have been
developed over the last decade should be adapted to LCS usage and this should
benefit the search for appropriate rules in difficult problems. Finally, it seems to
me that the very complexity of the LCS design task deserves a systematic design
methodology, a tractable design theory, and a systematic means of integrating
and coordinating the function of different subsystems. My struggle with the de-
sign of competent GAs was greatly aided by discovering and using these things,
and I believe that our continued struggle toward competent learning classifier
systems will be similarly rewarded by adopting an analogous approach.

6 Rick L. Riolo

There are many answers to the question “What is a classifier system,” all of them
reflecting different views of the field and different uses for classifier systems. For
me, the most interesting way to view a Holland/Burks (Michigan-style) classifier
system [34] is as a way to model adaptive systems [33]. To that end, such a
classifier system should have most or all of these general characteristics:

— A message board for communication.

— Rule-based representation of knowledge.

— A competition for rules to become active, biased by inputs, past performance,
and predictions of expected outcomes.

— Parallel firing of rules, with consistency and coordination of activity arising
endogenously, as an emergent property established and maintained by the
dynamics of the bidding processing. Explicit conflict resolution is strictly
enforced only at the effector interface.

— Credit allocation is done by temporal difference (TD) methods of some type,
e.g., the traditional bucket-brigade algorithm, some kind of profit-sharing
scheme, Q-learning algorithms, and so on. Note that there might be multile
kinds of credit being allocated at the same time, e.g, traditional strength
representing expected payoff based on past performance, some measure of
rule payoff accuracy or consistency [83] or some measure of a rules ability to
predict future state [5969].

— Rule discovery is done by heuristics appropriate to the system being mo-
deled. Examples include triggered coupling to capture asynchronic causal
connections [2963], surprise-triggered prediction [35], or traditional genetic
algorithms with with mutation and recombination.

When it doesn’t conflict with other modeling goals, a classifier system should
also have one other feature which I think was in Holland’s original view, namely
it should use a simple rule syntax and semantics. One reason to use simple
rules (and a simple architecture and mechanisms in general) is to retain the
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possibility of taking advantage of parallel hardware [62/75]. But in addition, the
use of simple rules (and mechanisms) makes it easier to build mathematical
models which might be analytically tractable [30J80]. However, despite these
arguments for simplicity, both for some modeling goals and for classifier systems
being designed to do a particular task, it may be more productive to allow more
complex rules, both in terms of matching capabilities and processing power.

Over the past ten years there has been much emphasis on using classifier
systems as just that, i.e., systems to solve classification problems of one kind or
another. In that context, much progress has been made in improving classifier
system performance on a wide variety of problems [49]. However, when using
classifier system for modeling purposes, the goal is not just to get the best per-
formance for the least computational effort. Instead, a more important criteria is
how well the classifier system exhibits the relevant behavior of the system being
modeled, using mechanisms plausible in that context. Thus studies which most
interest me are those that either: (A) explicitly have as a goal modeling some
cognitive or other adaptive system, as in [368I35/19/3812/70/14], or (B) explore
the fundamental dynamical properties of classifier systems with particular ar-
chitectures and mechanisms, with an an eye toward understanding what kinds
of models could be built with such systems [81]22/6169].

Finally, I must admit that the kinds of systems that are most interesting to
me also are the most difficult to study and understand. There is no question
that in the past five to ten years much has been learned by studying simpler
systems like ZCS [82], and that what we have learned will serve as a good base
for future research. However, for classifier systems to reach the full potential
originally outlined for them by Holland, I think we must move toward research
on more complex systems. In particular, these include classifier systems which
allow multiple rules to fire and post messages in parallel, which have the potential
to link rule activation over time by way of tagging mechanisms, and which are
set in environments that only give “payoff” occassionally and are rich enough
to require extensive generalization. These are, then, environments which will
require classifier systems to construct and use general, multi-step models if they
are to perform well. Thus the recent work on multi-step environments and non-
markov environments [51], and anticipatory cfsystems [71] are, to me, signs that
the field is advancing very well.

Of course as we again move toward running more complex classifier systems,
we should expect difficult issues and problems to arise which are not generally
seen in simpler systems. In particular, I expect the biggest challenges to be a
result of the fact that such classifier systems will have a rich “ecology” of rules,
consisting of intricate interactions and complicated dependencies between ru-
les which are involved in both competitive and cooperative relations with each
other. For instance, we shall again be faced with the emergence of various kinds
of parasites and free riders, which are ubiquitous in natural ecologies and other
similarly complex adaptive systems. Since natural ecologies don’t have an exter-
nally imposed task or performance metric, parasites are just another part of the
glory of nature. On the other hand, complex adaptive systems that do have an
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external performance metric (e.g., individual metazoans must survive to repro-
duce) have developed a host of complex mechanisms to manage problems that
always arise in multi-level organizations of competing entities which also must
cooperate to perform best [LII7/55]. Both for those who are taking an enginee-
ring approach to classifier systems, i.e. who want to design and use them for
particular exogenously determined tasks, and for those who want to use classi-
fier systems to model complex adaptive systems, these and other unanticipated
side effects will provide great challenges [39)].

7 Robert E. Smith

To begin to consider learning classifier systems (LCSs), one must first consider
what an LCS is.

This is not as clear as one might imagine. A typical description of a LCS will
include rules, usually taken from the common {1,0,#} syntax, that are acting
as population members in a genetic algorithm. The typical description will also
include some form of match-and-act, conflict resolution, and credit assignment
mechanisms, that facilitate the rules interacting to influence some “environ-
ment”. There are typically two variations of LCS, the “Michigan approach”,
where each rule is a separate individual in the GA population, and the “Pitt
approach”, where each GA population member is a complete set of rules for
the given application environment. Comments in this section will begin with an
assumption of the “Michigan approach” LCS, but it is important to note bridges
between these two approaches are an important area for further investigation.
Although the elements discussed above are typical to LCS descriptions, they
may not define the LCS approach. In particular, specific implementation details
of LCS syntax, and the system components that facilitate rule interactions with
the environment, may obscure the essence of the LCS approach. Fundamentally,
the LCS is defined by a population of entities that

— act individually, responding to, and taking actions on, an external environ-
ment,

— while evolving as population members, under the action of evolutionary com-
putation.

This definition is independent of syntax or implementation details. Given
this definition, the most significant complexity in the LCS approach is the need
for co-evolution of entities.

Co-evolution as an approach to solving complex problems is the key thrust
of the LCS approach. Co-evolution is at the cutting-edge of evolutionary com-
putation research. In general, it involves a complex balancing act between the
competitive pressures of evolution, and the cooperative interactions needed to
positively effect the environment. Co-evolution brings in some of the most com-
plex issues of evolutionary systems, including emergence the maintenance of
steady-state diversity, emergence of species, symbiosis, parasitism, and others.
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Because these issues involve evaluating the utility of functional interdepen-
dent entities, the issue of credit assignment (and related issues of conflict re-
solution) must be carefully considered. Fortunately, recent advances in machine
learning (specifically in reinforcement learning) have substantially clarified these
issues. While the LCS credit assignment and conflict resolution schemes of the
past relied on tenuous analogies as their bases, well established reinforcement
learning schemes now provide a firmer foundation upon which to build LCS
advances.

Within the field of reinforcement learning, there are substantial questions
to which the co-evolutionary approach of the LCS may provide answers. Chief
amongst these is the need for schemes that automatically form generalizations.
Another issue of importance is the formation of internal memory processing to
cope with non-Markovian environments. Both of these issues depend on complex
interactions of entities (like rules and associated messages), for which the co-
evolutionary approach of the LCS may be well suited.

Although reinforcement learning provides a framework in which LCSs are
likely to advance, it is important that this framework not become a limitation.
In particular, reinforcement learning usually focuses on well-defined concepts
of Bellman optimality. While these formalisms provide a well-defined basis for
evaluating and developing LCS technology, they may not encompass all the ways
in which LCSs may be used.

So-called “artificial intelligence” and “machine learning” technologies have
often responded to an antiquated vision of computation, where computers pro-
vide faster, more accurate solutions than humans. In this vision, concepts of
well-defined optimality are the goals of AI. However, these goals are not those
we would usually assign to humans. Humans are usually asked simply find so-
lutions that are “better” than those found in the past, in some sense that has
no clear mathematical definition. Moreover, there is often a real world premium
on human solutions that are simply innovative or creative. Such concepts are
unlikely to receive mathematical definition.

Given the ubiquity of networked computers, more modern visions of compu-
tation are emerging, where computers may be expected to provide innovation
and creativity, like their human counterparts. When one observes that evolution
is directed at ongoing adaptation and new ways of exploiting available resources,
the co-evolutionary approach of the LCS may be of particular value within this
new vision of computation.

In summary, important areas for immediate, formal investigation of LCSs
include:

— Formal consideration of co-evolution,
— Integration of LCSs within the framework of reinforcement learning (inclu-
ding generalization and application to non-Markovian tasks).

As these investigations advance, application of LCSs should continue to be
explored, both within realms of formally defined problems, and in systems that
required automated innovation, novelty, and creativity.
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8 The Editors

8.1 Pier Luca Lanzi

Since spring 1997, I have been teaching learning classifier systems as a part of a
course on Knowledge Engineering and Expert Systems for Master students at the
Politecnico di Milano. Teaching requires neat definitions to improve the students’
understanding of new concepts and clear motivations to ground abstract models
to real world problems. Thus teaching learning classifier systems necessitates an
answer to two basic, though important, questions: what is a learning classifier
system? And why do we use learning classifier systems?

As this chapter witnesses, there are many ways of answering the former
question. Among the possible ones, my favourite answer is:

Learning classifier systems are a Machine Learning paradigm introduced
by John Holland in 1978. In learning classifier systems an agent learns
to perform a certain task by interacting with a partially unknown envi-
ronment from which the agent receives feedback in the form of numerical
reward. The incoming reward is exploited to guide the evolution of the
agent’s behavior which, in learning classifier systems, is represented by a
set of rules, the classifiers. In particular, temporal difference learning is
used to estimate the goodness of classifiers in terms of future reward; ge-
netic algorithms are used to favour the reproduction and recombination
of better classifiers.

I like the term “paradigm” because it stresses the fact that classifier systems
do not specify an algorithm but they characterize an entire class of algorithms.
I use “interacting” and “reward’ to point out that learning classifier systems
tackle also reinforcement learning problems and therefore should be considered
a reinforcement learning technique. The terms “evolution,” “genetic algorithms,”
and “behavior” highlight the fact that, in classifier systems, learning is viewed
as a process of ongoing adaptation to a partially unknown environment, not as
an optimization problem as in most reinforcement learning. Finally, the term
“temporal difference learning’ states that the methods used to distribute the
incoming reward to classifiers are analogous to (and sometimes the same as)
those techniques employed in “traditional” reinforcement learning.

Given that there is a general agreement on what is a classifier system yet a
question remains: why do we use learning classifier systems?

This question can be answered according to two different perspectives. First,
we can look at learning classifier systems as reinforcement learning techniques.
In such a case to answer the question above we should present a set of applica-
tions in which learning classifier systems prove to be better than “traditional”
reinforcement learning techniques. Alternatively, we can observe that learning
classifier systems are more general than those traditional reinforcement lear-
ning techniques that are inspired by methods of Dynamic Programming (e.g.,
Watkins’ Q-learning [79]). Those techniques in fact usually make a number of as-
sumptions on the environment (e.g., the environment must be a Markov Decision
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Process) and on the agent’s goal (e.g., the agent’s goal must be formally defined
as a maximization problem) that learning classifier systems do not require. For
instance, the goal of a learning classifier system might be very general (e.g., to
survive) and not expressible in terms of an optimization problem. From this vie-
wpoint, to answer the question “Why do we use learning classifier systems?” we
should present a number of problems that classifier systems can solve but other
reinforcement learning techniques cannot.

Whether we look at classifier systems as a reinforcement learning technique
or as a more general framework it is interesting to note that in the literature only
a few people have presented experimental results to support the use of learning
classifier systems in place of other techniques.

Consider for example the area of reinforcement learning applications. It is
general recognized that a sure advantage of learning classifier systems is their
generalization capability. By means of don’t care symbols (#) classifier systems
can develop a compact representation of the concepts learned, whereas the com-
plexity of traditional reinforcement learning technique grows exponentially in
the problem size. At this point, the reader may argue that since generalization
supports the use of learning classifier systems, then there are many papers that
discuss the generalization capabilities of classifier systems. But, if we look at the
works published in these twenty years, we note that most of the papers concer-
ning generalization focus on the representational capabilities of classifier systems
rather than on the degree of generalization that classifier systems can develop.
Some authors (e.g., Riolo [61]) showed that classifier systems can develop inte-
resting generalizations. But until 1996 no author provided extensive results to
support the hypothesis that classifier systems could tackle reinforcement lear-
ning problems better than tabular techniques because of their generalization
capabilities.

In 1996 Wilson [84] (see also [85]) presented a set of initial results showing
that the solutions developed by his XCS classifier systems can be significantly
more compact than that required by tabular techniques. Wilson’s work was later
extended by Kovacs [40] who hypothesized that Wilson’s XCS develops the most
general and accurate representation of the concept learned by the agent; Kovacs
supported his optimality hypothesis experimentally.

I think that when looking at Wilson’s results most people focused more on
the novel classifier system architecture that Wilson proposed (XCS) rather than
on the raw results that his XCS was able to achieve in terms of generalization
capabilities. For instance, in this volume two papers, Booker [9] and Kovacs [41],
discuss what is an adequate definition of classifiers fitness, while generalization
is just partially discussed by Kovacs [41] and by Shaun and Barry [66].

On the other hand if we give a “crude” look at Wilson’s results [85] we find
that XCS was able to evolve a solution made of nearly 30 classifiers for a rein-
forcement learning problem which would require a Q-table equivalent to more
or less 550 classifiers. Although these results are limited to a set of grid envi-
ronments, they represent the first direct and crude comparison between classifier
systems and tabular reinforcement learning. For this reason, I believe that these
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results, as well as those in [40], should be consider fundamental to classifier sy-
stem research since they contribute (with respect to the reinforcement learning
framework) to give an answer to a very important question, i.e., why do we use
learning classifier systems?

For this reason, I think that the generalization capabilities of classifier sy-
stems should be extensively investigated in the next years so to provide a more
solid basis and stronger motivations to the research in this area.

Reinforcement learning represents only one possible way of looking at clas-
sifier systems. As I previously observed, reinforcement learning make strong as-
sumptions on the environment and, most important, on the goal of the learning
process. In contrast, learning classifier systems do not make particular assump-
tions on the environment and on the agent’s goal which is generally defined in
terms of adaptation to the environment. But even of we change our viewpoint
on classifier systems the question “Why do we use learning classifier systems?”
is still important.

One possible answer to this question is provided by the many applications of
classifier systems to the problem of modeling the emergence of complex behaviors
in real systems. For instance, learning classifier systems can be used to model
adaptive agents in artificial stock markets (e.g., Brian Arthur et al. [2], Lebaron
et al. [B3], Vriend [76I77/78], Marimon et al. [54]). On the other hand, it is not
completely clear at the moment whether classifier systems are the only approach
to tackle these types of applications. For instance a number of researchers are
currently applying other techniques (e.g., reinforcement learning [57]) to model
artificial stock markets.

Recently, Smith et al. [68] (see also [67) this volume]) presented an appli-
cation of classifier systems which undoubtedly cannot be easily modeled with
other learning paradigm and thus strongly supports classifier systems. In parti-
cular Smith et al. [68] developed a classifier systems that can discover innovation
in terms of novel fighting aircraft maneuvering strategies. Their results, in my
opinion, are fundamental to classifier system research because they prove that
learning classifier systems can successfully tackle problems that are beyond the
plain reinforcement learning framework; for this reason they also provide motiva-
tion to the use of classifier systems in very diverse and “previously unthinkable’
application areas.

Since the early days of classifier systems, more than 400 papers on classifier
systems have been published. Looking at the bibliography at the end of this
book we note that there was a time in the mid 1990s when there was only a
little research on classifier systems. I remember that in 1997 when I presented
my first work on XCS [45] at ICGA97 [3], there were only three papers on
learning classifier systems: mine, Holmes’ [37], and Federman’s [20]. Basically,
we were not enough even to fill one session; at that time I thought that the
area I was working in was actually quite small. In 1998, during GP98 [44], there
were two sessions on learning classifier systems and more than ten papers. In
1999, at GECCO [4] there were four sessions on learning classifier systems and
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one workshop: more or less thirty papers were presented. But why are classifier
systems experiencing this renaissance?

There are surely different interpretations of what happened in the last five
years, of this reborn interest in learning classifier systems. My belief is that
much of this is due to the effort of a number of people who traced novel research
directions, suggesting new motivations so to provide answers to some impor-
tant questions about classifier systems. These people renewed part of this area
without giving up original Holland’s principles and their unique flavor. And cer-
tainly, part of the current renaissance is also due to the people who followed and
currently follow those directions.

8.2 Wolfgang Stolzmann

The field of learning classifier systems (LCS) is young. However, two approa-
ches have been developed: the Michigan Approach and the Pitt Approach. I
restrict myself to the Michigan approach because it is the classical approach.
The foundations for LCS were laid by Holland [26] within the framework of his
theoretical studies of genetic algorithms. The first LCS, called CS-1, was intro-
duced by Holland and Reitman [36]. Since then many different types of LCS have
been described in the literature. Thus, it is difficult to give a unified definition
for an LCS. Therefore I would like to focus on the points that I consider most
important.

A learning classifier system (LCS) is a machine learning system that learns a
collection of simple production rules, called classifiers. Its knowledge is represen-
ted in a classifier list. An LCS can be regarded as a learning agent that acts in an
arbitrary environment. In order to interact with the environment it has an input
interface with detectors for sensory information from the environment and an
output interface with effectors for motor actions. Each detector of the input in-
terface contains information about one attribute of the environmental state and
delivers values 0 and 1. Thus, all an LCS knows about the environmental state
is represented in a bit-string called message. A message is the internal repre-
sentation of an environmental state. Each component contains the information
of one detector. Formally messages belong to the set {0,1}k (k is the number
of detectors). A classifier is a condition/action-rule. If the condition-part of a
classifier matches the current message, then the classifier can become active.
The action-part of an active classifier interacts with the effectors and causes a
motor action of the LCS. Conditions belong to the set {0,1,#}*. A condition is
matched by any message that has 0’s and 1’s in exactly the same positions as the
0’s and 1’s in the condition. A '#’ in a condition is called a “don’t care”-symbol.
It matches both a 0 and a 1. For example the condition 1## is matched by any
message that starts with a 1; #00 is matched by 100 and 000 and the condition
010 is only matched by the message 010. A learning classifier system derives its
name from its ability to learn to classify messages from the environment into
general sets like {m — m starts with a 1}, {100 , 000} and {010}.

The basic execution cycle of an LCS consists in an iteration of the following
steps:
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—_

. A message m is perceived by the input interface.

m is compared with the condition parts of all classifiers of the current clas-

sifier list. The matching classifiers form a match set.

3. One classifier out of the match set is selected by roulette-wheel selection [21]
or another kind of competition.

4. The selected classifier becomes active. Its action part interacts with the
output interface and causes a motor action of the LCS.

5. Reinforcement learning is applied (see below).

6. Rule discovery is applied to produce new classifiers while replacing other,

low- strength classifiers (see below).

N

As mentioned above I focus on the points that I consider most important.
I ignored the fact that classifiers can produce new messages so that the LCS
has to deal with a message list, I ignored that a classifier can contain more
than one condition and I ignored the possibility that more than one classifier
can become active during one execution cycle. If there is more than one active
classifier, then the LCS has to deal with inconsistent information for the output
interface. There are two levels of learning in an LCS: A first level of learning
called credit assignment, consists of reinforcement learning on the classifiers.
A classifier is reinforced (i.e. its rule strength is modified) in dependence on
environmental reward called payoff (Bucket Brigade Algorithm, Profit Sharing
Plan, Q-Learning, ...). A second level that is usually independent of the first
one consists of rule discovery in order to generate new classifiers. For that an
LCS typically uses genetic algorithms. Up to now Stewart W. Wilson’s XCS is
the most important kind of LCS (cf. ”State of XCS Classifier System Research”,
this volume). Tim Kovacs’s LCS bibliography [42], contains 33 entries out of
479 that deal with XCS. XCS were applied in various environments like the
(n+2")-Multiplexer (e.g. [83]) Woods-environments (e.g. [83l48]), and Finite-
State-Worlds (e.g. [516]. The results show that an XCS is capable of forming
complete reward-maps, i.e. X X A = P maps where X is the set of states, A
is the set of actions and P is the set of expected payoffs. “It does not learn
what input sensation will follow a given action. That is, it does not learn an
X x A=Y map, where Y is the following sensation” (Wilson [83, p. 173]). Or
in other words it does not learn an internal world model. Holland [32], Riolo [59],
and Stolzmann [72, this volume] show how internal world models can be learned
in LCS. Very simple internal world models are used in reinforcement learning
especially in Dyna-Q (e.g. Sutton [73]; Sutton & Barto [74, p. 233]) Future work
will have to show how LCS can be used to learn internal world models with
a minimum number of classifiers and how these internal world models can be
used in reinforcement learning. Furthermore, in my opinion future LCS research
should include:

— real world applications,

— a definition of standard test environments like the (n+2n)-Multiplexer, Woods-
environments and Finite-State-Worlds in order to facilitate the comparison
of different approaches,
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— applications in non-deterministic environments, especially in non-Markov
environments (cf. Lanzi & Wilson [52] in press]),

— and LCS work should include comparisons to relevant reinforcement learning
work.

8.3 Stewart W. Wilson

A classifier system is a learning system based on Darwinian principles. The
system consists of two parts: a collection or “population” of condition-action
rules called classifiers; and an algorithm for utilizing, evaluating, and improving
the rules. Holland’s great insight was to see that a learning system might be
based on a Darwinian process applied to a rule base. To me, his idea is intriguing
and inspiring because it represents a plausible computational picture of our
mental world. Moreover, it is a proposal that seems rich enough to encompass,
eventually, very difficult questions like multi-level autonomous adaptation.

Besides animals’ more-or-less well-learned and reflexive condition-action re-
sponses, we are constantly making predictions, often relative to rewards, about
the consequences of behavior, and choosing accordingly. But there is a “fog of
uncertainty”: we are not quite sure what will result in the present situation, not
even sure if the present situation is what we think it is. But we go with what we
have, try things, and attempt to register the outcomes. In short, everything we
know is hypothetical, whether perceptual or cognitive. We hope to find better
hypotheses, ones that more accurately define the antecedent condition and the-
refore predict better, and also cover the largest domain and reduce our mental
effort. New hypotheses come largely from pieces of what works already—where
else?’—but the process is mostly unclear and mysterious. It is often invisible. A
new hypothesis arrives suddenly; it is not consciously cranked out. There may
be mental work, but then the key steps just happen.

To all this would seem to correspond, in Holland’s scheme, the population
of classifiers viewed as a set of competing hypotheses, each in some state of
relative confirmation, subject to modification and replacement by a better hy-
pothesis born suddenly from chance recombination and mutation of existing
above-average material. Some classifiers generalize over sensory inputs, provi-
ding a rudimentary imitation of early-stage perception and an example of symbol
grounding—the classifiers’ messages being the symbols. Other classifiers respond
to internal messages by posting further messages, affording computational com-
pleteness but more importantly, room to erect any so-called cognitive structure.
Still other classifiers cause actions and thus complete the loop with the envi-
ronment, whose response keeps the system viable and fuels the Darwinian cal-
culation. The principles of variation and selection being ubiquitous elsewhere in
life, it is natural to look seriously for them inside the head, and for this Holland
has provided a splendid computational framework that merits every effort to
understand and develop its implications.

The framework is many-faceted, and it’s not surprising that besides successes,
research over the past twenty years has identified certain tensions among the
framework’s elements. Two seem most important. One tension arises because
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the classifiers are in Darwinian competition, but a certain amount of cooperation
among classifiers is necessary. For example, to reach external payoff the system
may depend on a chain of classifiers acting sequentially through time: the chain
members cooperate in the sense that each member depends on the activation of
its predecessors and on the ability of its successors to push on to payoff. But
the competition may disturb this. Selection of one member of the chain reduces
the survival chances of the other members, so that the chain may break causing
all members to lose out. This competitive/cooperative tension occurs in several
guises, and the consequence is often instability leading to reduced performance.

A key part of the solution was the early proposal—made mainly for other
reasons—to restrict the action of the genetic algorithm to the match sets, i.e., it
was proposed to replace the panmictic (population-wide) GA with a GA opera-
ting just in the niches defined by each match set. This lessens the competition
between sequential classifiers, since sequential classifiers occur in distinct match
sets. The cost in discovery capability seems to be minor, since classifiers in sepa-
rate match sets are basically solving different problems and crosses between them
are not particularly fruitful. However, the niche GA introduces a new hazard:
overgeneralization. A more general classifier will tend to show up in more match
sets. With a niche GA, it will have more reproductive opportunities so that
generality becomes an advantage in itself, and increasingly general—eventually
overgeneral—classifiers will tend to multiply in the population.

The second major tension is between performance and generality. Consider
an individual classifier. Its current prediction (“strength” in the older termi-
nology) is an average of payoffs received in the situations (niches) in which it
matches and its action is taken. Some situations may have large payoffs, others
quite small ones: all are averaged in the prediction, which masks any underlying
variance. However, if the variance is great, there can be a negative effect on sy-
stem performance. In low-payoff situations one classifier’s action may be chosen
over a better action if the first classifier’s prediction is misleadingly high due to
averaging in of payoffs received in higher-payoff niches. The result will be degra-
dation of performance in some degree. Moreover, the offending classifier, and the
degradation, will persist since selection under the GA is based on the prediction.
Thus the framework’s potential for generalizing classifier conditions—essential
for formation of percepts and concepts—is at odds with performance.

The first step toward solution was to ask: What would happen if fitness for
the GA were based not on the prediction, but on some measure of the prediction’s
accuracy? Then the offending high-variance classifier above would not receive a
high fitness, and would be eliminated from the system. On the other hand, a
classifier with low prediction variance would survive and multiply; desirably, such
a classifier would not cause the kind of performance error cited earlier. However,
this solution is not complete since basing fitness on prediction accuracy does not
in itself address the framework’s need to find classifiers that are both general and
accurate. Fitness based on accuracy would tend to favor very specific classifiers,
since greater accuracy usually goes with greater specificity.
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I would argue that these two tensions, competition vs. cooperation and per-
formance vs. generality, were at the root of much of the field’s earlier difficulties.
Interestingly, the full solutions to each of them are complementary. I said that
the first step in solving competition/cooperation was the niche GA. The second
step turns out to be fitness based on accuracy, because that stops the niche
GA’s tendency toward overgeneralization. I said the first step in solving perfor-
mance/generality was fitness based on accuracy. The second step turns out to
be a niche GA, since its generalization pressure is just what is needed to push
toward classifiers that are maximally general as well as accurate. Thus fitness
based on accuracy and a niche GA in combination appear to overcome the prin-
cipal problems of classifier systems’ first twenty years, opening the way to a
strong advance in the period just beginning.

There are many promising directions for classifier system research. Some are
suggested at the end of my “State” paper in this volume. But an important
one not listed there would take a new look at an old subject—the full Holland
framework itself. In recent years there has been something of a retreat from
research on the full system with its message list and other aspects. Progress
has come from paring the system down and putting a simpler beast under the
microscope to see more clearly the function of various mechanisms. The principal
result, in my opinion, has been understanding the two tensions discussed above,
and their solution. Now it is time to go back to the full framework and see
what happens if in it fitness is indeed based on accuracy and the GA occurs in
the niches. As far as I know, that has not been done. The tests occurred and
were successful in the simpler systems. It seems quite possible, and worth the
effort required, to try the changes in the full system, testing on a problem in
which the message list’s capacity to represent internal state is essential for high
performance.
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Abstract. In 1989 Wilson and Goldberg presented a critical review of
the first ten years of learning classifier system research. With this paper
we review the subsequent ten years of learning classifier systems research,
discussing the main achievements and the major research directions pur-
sued in those years.

1 Introduction

Learning classifier systems are a machine learning paradigm introduced by John
H. Holland. They made their first appearance in 1978 in the paper “Cognitive
Systems Based on Adaptive Algorithms” by Holland and Reitmann [64]. Ho-
wever, classifier systems were foreshadowed in 1971 with the paper “Processing
and Processors for Schemata” by Holland [56], and in the broadcast language
introduced in [57].

In learning classifier systems an agent learns to perform a certain task by in-
teracting with a partially unknown environment, using rewards and other feedb-
ack to guide an internal evolutionary process which modifies its rule-based model
of the world. The agent senses the environment through its detectors; based on
its current sensations and its past experience, the agent selects an action which
is sent to the effectors in order to be performed in the environment. Depending
on the effects of the agent’s action, the agent occasionally receives a reward. The
agent’s general goal is to obtain as much reward as possible from the environ-
ment.

In his pioneer work, Holland brought together two ideas which later became
key topics of the research in machine learning. The first idea is that Darwinian
theory of the survival of the fittest can be used to trigger the adaptation of an
artificial system to an unknown environment. This idea later became the basis
of important research areas like Evolutionary Computation, Adaptive Behavior,
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and Artificial Life. The second idea is that an agent can learn to perform a task
just by trying to maximize the rewards it receives from an unknown environment.
This model of learning through “trial and error” interactions has been formalized
and developed in the area of Reinforcement Learning, which is now a major
branch of machine learning research.

Learning classifier systems have been around more than twenty years. In
these two decades they have received increasing attention by many researchers
belonging to many areas.

Ten years ago Wilson and Goldberg [165] presented a critical review on the
first decade of learning classifier systems research discussing the results reached
until 1989 and the “future” research directions. Since then a lot of work has been
presented in the literature which casts new light on the properties of this learning
paradigm, and which shows that learning classifier systems can tackle a large
variety of applications, e.g., autonomous robotics [36], medical data analysis [8]
65], and personal software agents [166].

Today with this paper we try to provide a roadmap to the second decade of
learning classifier system research covering the years from 1989 to 1999. This is
not a critical review of the latest results and the possible future research direc-
tions, as was done by Wilson and Goldberg in 1989. In fact we believe that the
papers in this book already provide such a review from different perspectives.
Rather this paper is a guide to the many papers concerning learning classifier
systems that have been published in the last ten years. In particular we will fo-
cus solely on Michigan-style classifier systems; for a recent discussion concerning
Pittsburgh-style classifier systems we refer the reader to [102]. In this paper we
will assume that the reader is familiar with the basic structure of learning clas-
sifier systems; if this is not the case we refer the interested reader to Goldberg’s
book “Genetic Algorithms in Search, Optimization, and Machine Learning” [49)
for an introduction to Holland’s approach to learning classifier systems. Another
description of a more complex learning classifier system is Booker’s GOFER-
1 [10]. For an overview of more recent approaches to classifier systems, see Wil-
son’s “ZCS: A zeroth level classifier system” [I58] for an introduction to the
ZCS classifier system and to “Classifier Fitness Based on Accuracy” [159] for
an introduction to the most recent XCS classifier system. In this volume other
models are described as well [T4T31].

The remainder of the paper is organized as follows. We begin in Section
giving a general overview of what has happened in learning classifier systems
research since 1989. Then in Section[3 and Section [ we consider the most active
research topics in this area and for each one of them we briefly summarize what
has been explored and achieved in the past ten years or so. Finally, in Section Bl
we consider those areas where learning classifier systems have been applied and
report the main results obtained.
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2 Ten Years with a Bird’s Eye View

In the past ten years two main factors contributed to the research in classifier
systems. The first “indirect” contribution came from the important develop-
ments in the field of Reinforcement Learning (see [76] and [140] for a survey).
The second “direct” contribution came from the development of new learning
classifier systems in which Holland’s essential ideas are kept, but within different
architectures.

2.1 Reinforcement Learning

Reinforcement Learning is usually defined as a mechanism by which an agent
can learn to solve a problem or to perform a certain task through trial and error
interactions [140)] with an environment which provides only minimal feedback, in
the form of occasional rewards. In particular, for both learning classifier systems
and for other systems using reinforcement learning algorithms, the agent knows
nothing about the task it has to learn, and it is only interested in maximizing
the reward it receives. From this perspective classifier systems share many simi-
larities with reinforcement learning methods and therefore shall be considered a
reinforcement learning method. On the other hand, these two methods are also
quite different. Reinforcement learning typically adopts an economic metaphor:
learning is equated to the search for an optimal decision policy, and appropriate
hypotheses often guarantee that such a policy exists and that the method will
eventually converge to it (see for instance Watkins’ Q-learning [152]). Learning
classifier systems are based on a combination of an economic metaphor of local
exchange, for short term learning, with a biological metaphor of evolution, for
long term learning. That is, learning by reinforcement, via the local exchanges
of the bucket brigade or similar algorithms, is viewed as only one part of a pro-
cess of ongoing adaptation of an agent to an initially unknown environment; the
other key mechanism is based on the metaphor of rule discovery by evolution.
Because of this evolutionary component, typically convergence to satisfactory
behavioral policies cannot be proved formally (except perhaps in the unrealistic
limit of infinite available time), and thus has to be studied experimentally.

The last decade has seen the flourishing of research in reinforcement learning.
The ongoing mathematical formalization of the reinforcement learning frame-
work and the large number of successful applications to real-world problems has
made this area one of the most promising research topics in machine learning.
In the early ’90s learning classifier systems indeed received benefits from the
growing interest of the research community in reinforcement learning. Since clas-
sifier systems can also tackle reinforcement learning problems, many researchers
applied them to typical reinforcement learning applications, e.g., autonomous
robotics (see Section B.J). This is the case of Dorigo and Colombetti [3836]
who reported a large number of successful applications of classifier systems to
autonomous robotics. At the same time other authors applied classifier systems
to general machine learning problems (e.g. supervised classification [§]), but at
the beginning of this decade there was the perception that autonomous robotics
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could be the promising area for applying classifier systems. Today things are
quite changed and robotics is just one of the areas where classifiers systems are
applied. In fact, in addition to robotics, interesting results have been reported
in many other application domains, including air combat maneuvering [133],
control of traffic signals [40], medical data analysis [73[65/67/68], sequence pre-
diction [41], and supervised classification [124].

2.2 Types of Learning Classifier Systems

For many years the research on learning classifier system was done solely on
the original architecture proposed by Holland [64]. Many researchers developed
their own version of Holland’s complex architectures in which Holland’s classifier
system was the main building component (e.g., Dorigo’s ALECSYS [33]). All these
implementations shared more or less the same features which can summarized
as follows: (i) some form of a bucket brigade algorithm was used to distribute the
rewards received to the classifiers; (ii) evolution was triggered by the strength
parameter of classifiers; (iii) the internal message list was used to keep track of
past inputs. Two “standard implementations” were made available at that time,
one by Goldberg [49] and one by Riolo [I13].

Holland’s learning classifier system had a number of known problems which
in some cases prevented the system from achieving satisfactory performance (see
[165] for a discussion). To improve performance some small modifications to the
original framework were proposed but interesting performance was rarely repor-
ted. Thus the need for more radical changes to the original architecture already
was perceived in the early years of research. In 1987 Wilson [155] introduced a
new type of “one-step” classifier system, BOOLE, particularly devised for the
problem of learning Boolean functions. Wilson showed that BOOLE could learn
multiple disjunctive concepts faster than neural networks. BOOLE was extended
into NEWBOOLE by Bonelli et al. [9] in 1990; the performance of NEWBOOLE
was compared with other two learning algorithms, the rule inducer CN2 [18] and
neural networks trained by Back Propagation, on three medical domains. The
results reported showed that NEWBOOLE performed significantly better than
the other machine learning methods.

Separately, Booker [I1] introduced GOFER-1, a new type of classifier system
which in many ways anticipates more recent classifier models. In GOFER-1 the
classifiers fitness is a function of both payoff and non-payoff information, and the
genetic algorithm works in environmental niches instead of in the whole popula-
tion. Booker applied GOFER-1 to boolean multiplexer problems obtaining near
optimal performance and to the state space search problem [52] with interesting
results.

Wilson [I58] observed that the architecture of learning classifier systems is
too complex to permit careful, revealing studies of the learning capabilities of
these systems. Accordingly he simplified the original framework by introducing

! Again, we are restricting this paper to consideration of Michigan-style classifier sy-
stems; for a summary of work with Pittsburgh-style systems, see [L02].
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ZCS, a zeroth level classifier system [158]. ZCS differs from the original frame-
work mainly in that (1) it has no internal message list and (2) it distributes
the reward to classifiers by a technique, QBB [158], very similar to Watkins’
Q-learning [152]. In this sense ZCS represents one of the first attempts to bridge
the then existing gap between the credit assignment algorithms used in learning
classifier systems (i.e., the bucket brigade) and those algorithms used in other
reinforcement learning systemsE Furthermore ZCS significantly differs from pre-
vious systems by omitting several heuristics and operators that were developed
to aid those systems in reaching acceptable performance (see for example Wil-
son [T54] and Dorigo [32]). Interestingly, this basic ZCS system performed simi-
larly to more complex implementations previously presented in the literature.
These results suggested that Holland’s ideas could work even in a very simple
framework, although ZCS performance was not optimal yet.

Optimal performance in different applications was finally reported in 1995
when Wilson [159] introduced the XCS classifier system. While XCS maintains
Holland’s essential ideas about classifier systems, it differs much from all the
previous architectures. First in XCS Q-learning is used to distribute the reward
to classifiers, instead of a bucket brigade algorithmE‘ Second, in XCS the genetic
algorithm acts in environmental niches instead of on the whole population, as
in the work of Booker on GOFER-1 [I1]. Most important, in XCS the fitness
of classifiers is based on the accuracy of classifier predictions instead of the
prediction itself, a solution partially anticipated in the works of Frey and Slate
[46] and Booker [11]. Wilson [159/161] showed that by using classifier accuracy
as the fitness of the genetic algorithm, XCS is able to evolve classifiers that are
(i) accurate, i.e., they give an accurate prediction of the expected reward, and
(ii) mazimally general, i.e., they match as many situations as possible without
being overgeneral. For an analysis of the advantages of accuracy-based fitness in
XCS, we refer the interested reader to Kovacs’ paper in this volume [80]. For an
overview of the main results reported in the literature since 1995, see Wilson’s
review of the state of XCS research in this book [164].

3 Basics

We now focus on the fundamental topics in classifier system research: the struc-
ture of classifiers, the credit allocation procedure, the discovery component, and
the internal message list.

2 Dorigo and Bersini [34] compared these two paradigm conceptually; but ZCS is one
of the first learning classifier system implementations that used a Q-learning-like
technique to assign the reward to classifiers. Another early use of a Q-Learning
like technique was in CFSC2 [117], in which non-bucket brigade temporal difference
methods were used to update the three kinds of strength used by the system to
do its look-ahead planning. Other early papers discussing the relationships between
temporal difference methods, Q-Learning and the bucket brigade include [I38J151]
95].

3 ZCS distributes the reward with an algorithm which is a mix of bucket brigade and
Q-learning (QBB) while XCS uses an adaptation of standard Q-learning.
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3.1 The Classifier Syntax

In most learning classifier systems the agent’s detectors and effectors are repre-
sented by fixed length binary strings. Accordingly, classifier conditions are strings
in the ternary alphabet {0,1,#} while classifier actions are binary stringsﬁ This
simple representation was initially introduced by Holland as a result of balan-
cing the tradeoff between the descriptive power of the classifier language and
computational efficiency [61].

Despite their elementary representation, Holland’s classifier systems have
been successfully used to tackle many problems as demonstrated by the many
successful applications of classifier systems we review in Section [, and those
reported in the bibliography at the end of this book. On the other hand many
authors have raised some concerns about the representational capabilities of the
binary encoding.

Schuurmans and Schaeffer [126] showed that binary encoding may lead to
unsatisfactory performance. In particular they observed that binary encoding
(i) unavoidably introduces a bias in the generalization capabilities of the system
making some concepts easy to generalize and others almost impossible to ge-
neralize; (ii) it has a limited capability to represent disjunctions and relations
among sensors; finally (iii) it has a positional semantics which may not be able to
capture certain relations among sensors that are positionally independent. La-
ter Shu and Shaeffer [130] proposed an extension to the ternary representation
of conditions in which named variables were used to describe relations among
inputs bits.

Booker [13] analyzed the issues raised in [126] and suggested that these limi-
tations are mainly to due to the encoding scheme (i.e., the way the sensors are
encoded into bitstrings) rather than to the binary encoding itself. Booker [13]
showed that feature manifold encodings, employed in pattern classification [55],
can improve the representational capabilities of classifiers without modifying the
classifier syntax. In particular Booker reports a number of examples in which
the use feature manifolds avoid most of the problems discussed by Schuurmans
and Schaeffer [126]. However, to our knowledge no one has yet implemented a
classifier system which uses a feature manifold approach.

Sen [128] focused on the problem of selecting the most adequate classifier
syntax to get the minimal sized (i.e., most general) representation of the target
concept. Sen introduced a wvalue representation in which the classifier condition
are conjunctions of elementary terms. Each term is of the form “x = ¢” where x
represents the (non-binary) input of a certain sensor, ¢ represents an admissible
value for the sensor x. Value representation is compared with binary encoding
and some guidelines for selecting the most appropriate classifier syntax for a
given problem are presented.

Collard and Escazut [2I] focused on the problem of representing equa-
lity /inequality relations between bits in the sensory inputs. They introduced the

* In Holland’s original descriptions of classifier systems [62I60], and in CFSC1, Riolo’s
implementation [IT3|I21], the action parts of rules also include the “#” character,
acting as a “pass through” operator.
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idea of relational schemata (R-Schemata) which can represent relations among
different sensor bits. They showed that relational schemata are more powerful
than standard schemata (P-Schemata) although they still cannot represent any
the relations among bits within the same condition. Accordingly they exten-
ded R-Schemata into RP-Schemata and compared their approach with default
hierachies [I16]. Finally they applied an implementation of RP-Schemata to the
problem of learning two Boolean functions showing that it performs better than
standard representation, although not optimally.

Separately, Wilson [157] suggested another way to increase the represen-
tational capabilities of classifier systems would be to replace the traditional
trinary-based matching semantics with predicates in the real domain, for ex-
ample: “(0.0 < z < 0.1) A (0.8 < y < 0.9).” In this initial work classifier con-
ditions represent these intervals by storing the center of a receptive field and
its spread, both binary encoded. In addition, the classifier actions are scalar
weights, and the system output is defined to be a linear combination of the ou-
tput of classifiers that match the current sensory inputs. Wilson validates his
proposal experimentally on two small problems regarding the learning of simple
real functions.

Wilson [I63] this book] has recently extended his original ideas [157] by
adding an interval based representation to XCS [I59]. As in his original proposal,
classifier conditions are predicates over continuous-valued input, but in this case
intervals are identified by their lower/upper bounds (i.e., making it easier to
change the intervals asymmetrically) and are represented by real numbers instead
of being binary encoded. Furthermore, classifier actions are discrete valued and
are not combined [157]. In a system called XCSR, Wilson [162] applied XCS
with continuous-valued inputs to the problem of learning a real version of the
boolean multiplexer reporting very interesting results. (For further discussions,
see Wilson’s paper on XCSR in this volume [163].)

Lanzi [89l00] introduced two other representations for classifier conditions
and implemented them on the XCS classifier systems. The first is the so-called
“messy’ representation [89)], which was inspired by the work of Goldberg etal. on
messy genetic algorithms [48], and which also bears some resemblance to Sen’s
variable representation [I28]. The second representation is inspired by Koza’s
work on Genetic Programming [82] and uses a subset of Lisp S-expressions to
represent conditions over Boolean and symbolic sensory inputs. Lanzi applied
both representations to a set of known test problems showing that these two
versions of XCS, namely XCSm and XCSL, reach optimal performance.

Ahluwalia and Bull [T] coupled binary conditions with symbolic actions re-
presented by general S-expressions. They applied the new system, GP-CS, to ex-
tract features from data before these are classified with the K-nearest-neighbor
method.

Finally, there has been considerable work on the fuzzy classifier systems,
which blend the representational approach of fuzzy logic with rule-based classifier
systems using evolutionary algorithms to evolve the parameters of various fuzzy
matching and output functions. For a review, see [7] in this volume.
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3.2 The Credit Assignment and Discovery Components

The performance of a specific learning classifier system depends on two main
factors: (i) how the environmental reward is distributed to classifiers, i.e., the
credit assignment procedure; and (ii) what values bias the evolution of classifiers
in the population, i.e., the fitness of the genetic algorithm In this section we
will focus on work involving those two factors. Note, however, that most clas-
sifier systems also use learning heuristics besides the genetic algorithm. These
heuristics range from versions of the common cover detector message operator
(which produces rules that match initially unmatched input messages) to special
heuristics designed for a particular domain to which the classifier system is being
applied.

In Holland’s classifier systems the bucket brigade algorithm is used to update
the strength parameter of classifiers which is also used as the fitness of the ge-
netic algorithm [60]. It is well known that Holland’s model exhibits a number of
problems which sometimes prevent the system from achieving satisfactory per-
formance [I65]. In the past ten years many improvements to Holland’s framework
were suggested which, in some cases, consisted in a modified credit assignment
procedure (e.g., [95]) or, in other cases, in a modified discovery component (e.g.,
[B82]), or a modification of both (e.g., [I61]).

It has long been recognized that when discussing the behavior of a learning
classifier system it is difficult to separate the allocation of credit from the dis-
covery component. For instance Riolo [115] showed that to perform sequential
behavior a classifier system should allocate strength properly while preventing
the proliferation of high rewarded classifiers. Furthermore Riolo’s results sugge-
sted that the discovery algorithms should focus the search on the part of the
problem that are not managed instead of focusing on the highest strength rules.
While in some papers published over the past ten years the emphasis may ap-
pear to be on either the allocation of credit or the evolutionary components of a
classifier system, in fact it is the need to coordinate these two components that
has led to most of the recent experimentation with alternative classifier system
architectures.

Booker’s GOFER-1 [IT] uses a niched genetic algorithms in which the classi-
fier fitness depends on non-payoff as well as payoff information. In GOFER-1 a
classifier’s utility is a combination of three factors: (i) impact, an estimate of the
classifier local payoff; (ii) consistency, an estimate of the error affecting the clas-
sifier prediction; and (iii) match score, an estimate of classifier specificity. Booker
applied GOFER-1 both to one-step and multi-step problems [I2], reporting very
good results.

Huang [72] analyzed the performance of bucket brigade in a small toy pro-
blem. His results showed the approaches based on bucket brigade can correctly
estimate the utility of classifiers that are applied in one context while they can
fail when classifiers are applied in different contexts. Huang introduced a version

5 Besides the question of what classifier attribute should be used as fitness by the evo-
lutionary rule discovery algorithm, there is the additional issue of when the genetic
algorithm should be applied, but we will largely ignore that issue in this chapter.
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of bucket brigade sensitive to the activation context and tested it on the same toy
problem. Liepins etal. [96] analyzed the possible alternative credit assignment
procedures; then Liepins and Wang [95] introduced a hybrid bucket brigade-
backward averaging (BB-BA) algorithm with the aim of combining the two cre-
dit allocation schemes proposed by Holland [64)59]. Twardoski [147] considered
four of possible credit assignment strategies proposed until 1993 (backward aver-
aging [64], bucket brigade [59], hybrid BB-BA [95], and Q-learning [152]) and
presented an empirical evaluation of them on the pole-balancing problem. The
results reported showed that Liepins and Wong’s hybrid solution learned twice
as fast as the other methods. In NEWBOOLE Bonelli et al. [9] introduced a
“symmetrical payoff-penalty” procedure to distribute the reward to classifiers;
though NEWBOOLE itself is limited to one-step problems, the credit allocation
mechanism may be more generally applicable. Wilson [I58] compared bucket bri-
gade with a mixed technique of bucket brigade and Q-learning (namely QBB)
on a grid problem with ZCS. The two methods performed almost identically and
none of them achieved optimal performance. Wilson noted that the unsatisfac-
tory performance of ZCS, both with bucket brigade and QBB, was mainly due
to the proliferation of overgeneral classifiers. Later Cliff & Ross [20] confirmed
Wilson’s results with experiments on more complex problems.

Separately from the work on allocation of credit procedures, other resear-
chers have studied the behavior of the discovery component of classifier systems.
Horn, Goldberg, and Deb [71] observed that classifier systems usually face an
implicitly multiobjective task. Accordingly, they decomposed a simple classifier
system and applied previous experience on multiobjective optimization to ana-
lyze the behavior of the discovery component. In particular, they focused on
niching in classifier systems, highlighting the correspondence between implicit
niching, which in classifier systems is induced by the sharing of resources among
classifiers, and explicit fitness sharing in some genetic algorithms [50]. Horn,
Goldberg, and Deb [71] showed that classifier systems are able to maintain high
quality and diverse niches virtually indefinitely. Later, Horn and Goldberg [70]
extended that analysis, developing an analytical model to study niching in clas-
sifier systems. The model was used to calculate approximated upper and lower
bounds on the niche existence time. Dorigo [32], with a more “hands-on” ap-
proach, defined a genetic operator mutespec to get rid of overgeneral classifiers.
He also introduced the concept of energy of a classifier system (defined as the
sum of classifiers strength) and showed that energy can be an effective way to
trigger the activation of the genetic algorithm.

Until 1995 the analysis classifier system performance was focused mainly
on one specific component, i.e., either the credit assignment or the genetic al-
gorithm. However, this separation did not reflect a logical separation within
the classifier system architecture. In fact, in all the works discussed so far, the
strength parameter was updated through the credit assignment algorithm, and
it also was the fitness used by the genetic algorithm.

In 1995 Wilson [159] introduced another approach to classifier systems, XCS,
in which the allocation of credit for achieving reward is logically separated from
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the discovery component. In XCS the fitness of classifiers does not depend on
the prediction of reward given by the classifier (i.e., the strength parameter in
Holland’s framework) but instead fitness depends on the accuracy of classifier
predictions. In addition, Q-Learning is used in XCS to distribute the reward
among classifiers.

Wilson’s choice of an accuracy-based fitness was partly anticipated by the
early works of Holland [58], in which it was suggested that classifier fitness might
be based on the consistency of classifier prediction, and in the experiments of
Frey and Slate [46] who successfully applied an accuracy-based classifier system
to the letter recognition problem. Wilson’s intuition was that prediction should
estimate how much reward might result from a certain action, but that the evo-
lution learning should be focused on most reliable classifiers, i.e., classifiers that
give a more precise (accurate) prediction. This is in contrast to the traditional
approach, in which evolutionary learning was focused on those rules that pre-
dicted the most reward, with the implicit idea that the predicted reward would
be an ezpectation, i.e., it would include both magnitude (value) and probability
(accuracy) of reward. Wilson showed that with accuracy-based fitness XCS can
reach optimal performance while evolving a minimal population of maximally
general and accurate classifiers. For an overview of the results of XCS research
we refer the interested reader to Wilson’s paper in this volume [164].

Recently, Smith et al. [133] used a classifier system for acquiring novel fighter
aircraft maneuvers. In their system, credit is assigned only once after the end
of an engagement to all the classifiers which were active during the air combat
engagement. This is similar to the profit-sharing approach first introduced by
[64] and later used by [52], among others. Noticeably, the procedure does not
update classifier parameters but instead replaces them with new values; the
genetic algorithm is applied at fixed intervals and in some cases can replace the
whole population. Smith et al. [133] results demonstrate that the applicability of
classifier systems is not limited to reinforcement learning and thus they should
be tried in more diverse fields, e.g., the discovery of novel behaviors (see [131], this
book] for further details). Booker has developed a new learning classifier system
architecture in which there is not an explicit measure of classifiers utilities, but
instead endogenous fitness is used (see [14] this book] for further details). Finally,
Westerdale has done much work on the formal analysis of various standard and
non-standard credit allocation schemes; see [I53] for recent results and references
to earlier work.

3.3 Internal Memory

The learning capabilities of an adaptive agent relies on and is constrained by the
way the agent perceives the environment. On the one hand, there are cases in
which the agent’s sensory inputs provide sufficient information to let it decide in
every situation what is the best action to take. However, in many applications
the agent’s sensory inputs provide only partial information about the actual
state of the environment, in which case the agent cannot decide what is the best
action solely looking at its current sensory inputs. In the former case we say that
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the environment is Markovian with respect to the agent’s sensors; in the latter
case we say that the environment is non-Markovian.

The distinction between Markov and non-Markov environments is funda-
mental in reinforcement learning. If the environment is Markovian the agent
can completely rely on its sensors, while if the environment is non-Markovian
the agent needs some sort of “memory” of previous experience to cope with the
partial information coming from its sensors. This distinction also draws a separa-
tion between classifier systems and other learning systems which use traditional
reinforcement learning algorithms.

Holland’s classifier systems represent information about the structure of the
world in the form of rules (which represent transitions between states) and mes-
sages on an internal message list. The system can use the message list to store
information about (a) the current state of the world (in the form of detector
messages), and (b) about previous states (in the form of messages from classi-
fiers which were active at previous time steps). Because classifier system rules
can represent knowledge of the world in the form of default hierarchies, homo-
morphisms, quasi-homomorphisms and other abstract structures [62], classifier
systems are able to represent true models of the world (vs. simple isomorphic
maps of the world). This is in contrast with the architectures for representing
knowledge found in many studies of reinforcement learning algorithms such as Q-
learning. For example, the systems used in [152] and TD(\) [138] are memoryless.
Thus classifier systems are in principle more powerful than many simple architec-
tures used with Q-learning and TD()\), since classifier systems can learn optimal
behaviors in non-Markovian environments while simple map structures using
Q-learning and TD(A) can learn optimal behaviors only if the environment is
Markovian |

The internal message list is one of the most intriguing characteristics of lear-
ning classifier systems and it has been widely studied in the literature. Riolo and
Robertson [121] reported limited success in applying a version of Holland classi-
fier system to solve a non-Markov letter sequence prediction task. Smith [132] re-
ported unsatisfactory performance in very basic non-Markov environments with
Holland’s classifier system. He analyzed the behavior of the system in those en-
vironments and identified a number of problems which prevented it from achie-
ving optimal performance. Colombetti and Dorigo [22] successfully used one bit
of memory (the internal state) to coordinate two classifier systems to solve a
non-Markov task. In this case the effect of internal memory on the agent’s beha-
vior was decided at design time (hardwired) and not learned as in the previous
approaches mentioned above.

Wilson’s ZCS [158] has no internal memory, therefore its learning capabilities
are limited to Markov environments. However a small bit register can be added
to ZCS in order to tackle non-Markov problems [158]. Cliff and Ross [20] applied
ZCS with internal memory, ZCSM, to simple non-Markov environments repor-

5 Of course Q-Learning, back-propagation and other temporal difference methods are
also applied to neural network representations of the world, which are provably equal
to classifier systems in their representational and computational power.
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ting promising (although non-optimal) performance. In a similar way, Lanzi [86]
added internal memory to Wilson’s XCS classifier system [159] which, likewise
ZCS, does not have internal memory. Lanzi applied XCS with internal memory,
XCSM, to simple non-Markov environments reporting optimal performance in
most cases [86/87]. Recently Lanzi and Wilson [92] extended these results by ap-
plying XCSM to more difficult non-Markov problems. Their experiments show
that XCSM can learn optimal solutions in complex non-Markov environments
suggesting that the approach scales up. Barry [5lJfi] took a subset of non-Markov
problems in which the same action, for the same sensory input, receives dif-
ferent rewards. He called this phenomenon “Consecutive State Problem” and
introduced a solution for this particular problem that is simpler than internal
memory. The solution consists of updating the classifier prediction parameter if
the action has caused a change in the sensory inputs. This solution is validated
experimentally.

A different approach to tackling non-Markov problems consists of using cor-
porations of classifiers instead of internal memory [I65]. This approach can be
viewed as mixing the Holland and Pitt approaches to the organization of clas-
sifier systems, with respect to credit allocation, activation and rule discovery,
in order to solve a number of problems that have plagued classifier systems. A
corporations is a cluster of classifiers within the population that are treated as
an indivisible entity during the discovery phase and/or the performance phase.
Classifiers within a corporation are explicitly linked to each other to form a chain.
When a classifier of a certain chain (i.e., corporation) is activated it forces the
activation of classifiers that follows it in the chain. Tomlison and Bull reported
some success in applying first a corporate version of ZCS [144]143] and later a
corporate version of XCS [145] on a set non-Markov problems. For further dis-
cussion on classifier corporations we refer the interested reader to Tomlison and
Bull paper in this volume [146].

The need to bias activity so that classifiers in a chain fire in sequence with
high probability was also shown to be important in systems that implicitly linked
classifiers, through the posting of “tagged” messages on the internal message list
[27175]. These tagged messages may be thought of as a memory of previous
states, which can then be used later to disambiguate a non-Markovian state.
This view is also seen in Smith [132], which showed with an indirect experiment
that the sequential activations of classifiers creates a remembered context for
later classifiers in the chain. This context helps these classifiers to cope with the
partial information coming from the sensory inputs.

4 Advanced Topics

We now focus on some of the most important advanced topics of learning classi-
fier system research: generalization, long action chains, planning, and scalability.
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4.1 Generalization

An intriguing and important characteristic of learning classifier systems is their
ability to generalize over their experiences so as to produce a compact represen-
tation of a certain learning task, i.e., to produce a true model of the environment.
Generalization also draws a distinction between learning classifier systems and
and many systems which use reinforcement learning algorithms (e.g., TD())
and Q-learning) to update values attached to states and transitions stored in a
“pure,” tabular format, i.e., isomorphic “models” which do not involve genera-
lization.

Of course, generalization is a matter of representation: the more powerful the
language used to express classifier conditions, the more varied and often better
the possible generalizations which can be expressed in it. Accordingly, in the
early '90s most of the research on generalization focused on the representation
issue: how to define a language capable of representing adequate generalizations
in a given domain; see Section Bl for an overview of some of this work.

On the other hand, correct generalization is also a matter of “evolution”,
i.e., what kind of generalizations are likely to emerge, given the interaction of
a classifier system’s particular credit allocation and rule discovery algorithms.
In the early years it was shown that, under adequate assumptions, classifier
systems can evolve hierarchies of concepts called default hierarchies [62]. Default
hierarchies represent a target concept by a multilevel structure in which top-level
classifiers represent general concepts while bottom-level classifiers represent more
specific concepts. One nice characteristic of default hierarchies is that they can
build a quasi-homomorphic model of the problem being learned which may be
more compact that a strict homomorphic model [62163].

Riolo [112] showed that classifier systems can maintain default hierarchies
once they are formed. Riolo extended this analysis in [114] and [118], where
he studied how default hierarchies can emerge from scratch. While the results
described in those papers showed that default hierarchies did initially emerge and
dominate the rule population, after additional evolution the default hierarchies
were in effect filled in with more specific rules which were able to perform better
when in conflict with the generalist rules in the original default hierarchies. As a
result the classifier system would eventually build a homomorphic model of the
environment, confirming early hypotheses made in [TT2IT56].

In any event, default hierachies have been shown to be very useful ways
to represent knowledge in classifier systems. For example, Holyoak [69] showed
that classifier systems with default hierarchies could replicate a wide variety
of phenomena observed in classical conditioning. Later, Riolo [I17] applied a
classifier system with a cooperative bucket brigade to the problem of modeling
human performance on a simple medical diagnosis task. His results show that a
small default hierarchy can replicate human behavior better than a set of “flat”,
i.e., non hierarchical, set of classifiers. In addition, Riolo’s system demonstrates
interesting generalization capability by predicting correct results not predicted
with previous approaches. Smith and Goldberg [135] (see also [134]) analyze the
impact of specificity-biased credit allocation and conflict resolution schemes on
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the evolution of default hierarchies. Their analysis suggested that these schemes
cannot be expected to perform adequately in an arbitrary classifier system. They
suggested associating two factors with each classifier (a payoff estimate and a
priority factor) in place of the original strength, coupled with an alternate credit
allocation/conflict resolution scheme. Their results showed that the new scheme
allows the exploitation of a broader class of default hierarchies.

Apart from the results concerning default hierarchies, most of the results
reported in the literature for generalization with classifier systems (e.g., [I15] or
[158]) showed a proliferation of overgeneral classifiers. With XCS Wilson [159)
reported a first set of results showing that XCS is able to produce correct gene-
ralizations over a certain problem. Later [T60] (published also in [I61]) Wilson
augmented the generalization capabilities of XCS by (i) moving the genetic al-
gorithm from the match set to the action set and (ii) introducing a subsumption
deletion operator. The results reported by Wilson and extended by Kovacs [77,
78] suggested Kovacs’s Optimality Hypothesis which states that XCS may be able
to evolve the minimal representation of a target concept. Kovacs validated his
hypothesis experimentally on very hard learning problems. Recently, Kovacs [79)
studied the impact of different deletion policies with respect to the generalization
issue, testing some modifications to Wilson’s original XCS deletion policy.

Note that Wilson’s XCS tends to build a complete mapping from sensation-
action pairs to payoff predictions [159], i.e., a homomorphic model of the so-
lution, whereas earlier classifier systems have the tendency to develop quasi-
homomorphic models [62]112]117]. However, in some cases the more homomor-
phic models of XCS also tend to be more accurate, though less compact, than
equivalent quasi-homomorphic models.

The discussion concerning the type of generalizations that classifier systems
should built appears to be open and lively still, as suggested by Holland’s and
Wilson’s contributions to the paper “What is a learning classifier system?” in
this volume.

4.2 Long Action Chains and Planning

In order to learn complex behaviors an agent must be able to develop long se-
quences of actions, i.e., long action chains. In addition, one criteria for good
classifier system performance is that the agent should be able to learn such ac-
tion chains receiving only a little information from the environment, i.e., being
rewarded in only few situations, leading to long delays in rewards between some
stage setting actions and the ultimate reward those actions lead to. Unfortun-
ately, learning classifier systems tend to perform poorly when the information
available from the environment is scarce, i.e., when there are only a few rewar-
ded situations. Wilson and Goldberg [165] observed that up to 1989 only three
cases were reported in which classifier systems developed long sequences of ac-
tions: [I55I121) and [52] the Pittsburg Approach].

In the mid 90’s Dorigo and Colombetti reported some interesting results sho-
wing that learning classifier systems can be used to train physical autonomous
agents to perform relatively complex sequential tasks (see [22J36]). However,
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these results were mainly achieved with hierarchies of interconnected, but di-
stinct classifier systems (see Section .3)). Moreover in most of these applications
a lot of information about the task was given, i.e., the agent was rewarded for
each action taken, so the central problem of learning from only delayed rewards
was largely sidestepped.

Taking inspiration from animal behavior, Booker [12] modified his GOFER-1
classifier system [11] so that actions persist until no other classifiers advocate
it or the action is rewarded. Booker reported interesting results applying this
variant of GOFER-1 to a relatively complex navigation task [139]. Riolo [I15]
studied the emergence of coupled sequence of classifiers, highlighting a number
of features that improve the emergence of action chains (as described above, in
the context of corporate classifier systems).

Wilson’s ZCS can develop short action chains but, as showed by Cliff and
Ross [20], it cannot learn long sequences of actions because of the proliferation of
overgeneral classifiers. To improve these results corporations [165] can be added
to ZCS [143l145] but the benefits are limited.

The problems that afflicted ZCS appear to be solved in XCS. In [I59] Wilson
showed that XCS can perform optimally in relatively complex sequential pro-
blems. Lanzi [88] extended these results showing that XCS can reach optimal
performance in more complex sequential problems in which ZCS failed.

To improve the learning of complex behaviors an internal model of the en-
vironment can be developed [139]. This is the approach outlined by Holland in
many earlier works, e.g., in [62] and [60]. The classifier system’s model can be
used for learning with little additional experience from the external environment,
and it can be used for planning. Sutton [139] took this approach in Dyna-Q, a
system which used a Q-learning algorithm on a isomorphic (non-generalized)
representation of the world; his results showed that the use of the internal mo-
del leads to impressive improvements in the performance over other Q-learning
approaches to learning sequential tasks.

Riolo [117] was the first to apply this approach to learning classifier systems.
His CFSC2 classifier system learns a model of the environment by means of state
transitions that are represented by classifiers. For this purpose, some loci of stan-
dard trinary classifier conditions and actions are used to represent special “tags.”
These tags are used to distinguish the classifiers (and the messages they post)
which represent (i) states in the world and (ii) transitions from states to states,
as a result of the systems actions. In addition, the tags are used to distinguish
between messages that are intended to cause the system to actually take actions
in the world, from other messages that are intended to represent planning, in
effect “imagining” what would happen if certain actions were taken. In addition,
each classifier has three measures of utility associated with it: (i) a long term
strength analogous to the usual strength in Holland’s system; (ii) a short term
strength which is updated every time step, even when the system is not executing
actions in the environment (i.e., it is executing rules that implement its planning
activity); and (iii) an estimate of the predictive accuracy of the transition that
the classifier represents. The credit assignment procedure also was modified to
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cope with these three parameters, using a Q-learning type algorithm. There is
no genetic algorithm, and no generalization: the classifiers in effect implemented
an isomorphic model of the environment. Riolo tested CFSC2 on a relatively
complex sequential problem also employed by Sutton [139] and Booker [12]. His
results confirm early results from systems using Q-learning, showing that a clas-
sifier system which uses an internal model of the environment to do lookahead
planning can speed up learning considerably, as well as make it possible for the
systems to do latent learning, a kind of learning not possible in systems, artificial
or biological, without internal models which predict what state follows from a
given state-action pair. Furthermore, Riolo suggested that because of their gene-
ralization capabilities, classifiers can be used to build models of the environment
that are more compact than those built by Dyna-Q, which assumed a tabular
representations of its model.

Roberts [120] extended his version of Wilson’s Animat [I19] adding to each
classifier a followset, which contains a record of situations and rewards that fol-
lowed the activation of the classifier. In particular, each followset has an original
time stamp along with a set of events, each of which consists of either (i) a time
stamp and a sensory configuration, or (ii) a time stamp and a reward value.
Roberts compared his basic implementation of Wilson’s Animat to one enriched
with followsets on two simple environments; his results showed that there was
no significant difference in the performance the two systems.

Recently, Stolzmann has introduced the idea of Anticipatory Classifier Sy-
stems, ACS, in which classifiers are enriched with an expectation of the state
that will follow the activation of the classifier, similar to (but richer than) the
predictions made in Riolo’s CFSC2. For a complete discussion of the characteri-
stics of Anticipatory Classifier Systems and the main results achieved so far, we
refer the interested reader to Stolzmann’s introductory paper [136] and to Butz
and Stolzmann paper [137] for the robotics applications of anticipatory classifier
systems, both in this volume.

4.3 Scalability

One of the main issues when considering a learning paradigm is that of scalability,
i.e., how rapidly does the learning time or system size grow as the problem
complexity grows?

Unfortunately it is very difficult to answer this question for learning classi-
fier systems since their evolutionary component does not allow any evaluation
of the computational complexity of this approach. In fact, as far as we know,
only a few people have discussed this issue. In particular, Wilson [I61] has ap-
plied XCS to a set of multiplexer problems of increasing difficulty (the 6-, 11-,
an 20-multiplexer). His results suggest that in XCS the complexity of the lear-
ning process grows as a low order polynomial of the complexity of the problem,
not with the complexity of the learning space as in other learning techniques
(e.g. neural networks and nearest-neighbor approaches). Wilson’s results were
recently extended to the case when internal memory is added to XCS. Lanzi and
Wilson [93] applied XCS with internal memory, XCSM, to a set of non-Markov



A Roadmap to the Last Decade of Learning Classifier System Research 49

problems of increasing complexity showing that, as hypothesized by Wilson [161],
the population size and the learning time did not grow as a function of the search
space, but instead roughly as a function of the complexity of the problem.

Even though it might be possible to prove that in classifier systems the
learning time grows with the problem difficulty and not with the size of the
search space, a question yet remains: is it feasible to design a unique learning
classifier systems which solves an arbitrarily difficult problem? For instance, is it
feasible to train an arbitrarily complex robotic agent to perform a very difficult
task with one learning classifier system?

Note that this is an important question which has implications not only
for classifier systems but also for systems using reinforcement learning in ge-
neral. One preliminary encouraging answer came out in the early days of mo-
dern learning classifier systems research by researchers who were mainly working
with physical autonomous agents: Dorigo and Colombetti [36] and Donnart and
Meyer [28]. In both these studies complex robotics problems are tackled by hier-
archical architectures: Dorigo and Colombetti’s ALECSYS uses a hierarchy of
Holland’s style classifier systems in which hierarchy is defined at design time
while single modules are evolved; Donnart and Meyer’s MonaLysa [28] has a
hierarchical architecture in which a learning classifier system, implementing the
reactive behavior layer, is coupled with other non-evolutionary components (e.g.,
the planning module)]fl

Interestingly, these works on hierarchical learning classifier systems in part
anticipated the recent developments reported in reinforcement learning [27/141].
For instance, the formal decomposition method, MAXQ, proposed by Dietterich
has some similarities with the Behavior Analysis and Training (BAT) methodo-
logy proposed by Dorigo and Colombetti [24].

5 Applications

In the following we present an overview of some interesting applications of lear-
ning classifier systems. For the sake of brevity we cannot discuss all the applic-
ations that have been presented in the literature since 1989. For the list of all
papers that discuss classifier systems applications presented so far we refer the
reader to Kovacs and Lanzi’s learning classifier system bibliography at the end
of this volume [81].

5.1 Autonomous Robotics

Autonomous robotics has always considered an important testbed for reinfor-
cement learning algorithms. In effect robotics problems are usually difficult to
describe using more traditional machine learning methods (e.g., supervised lear-
ning) while they are easily modeled as reinforcement learning problems.
Accordingly, autonomous robotics is probably the single research area where
learning classifier systems have been applied most during the last ten years. The

7 See Section [5.1] for more detail on the robotics applications.
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most extensive research in the application of learning classifier systems to au-
tonomous robotics was carried out by Dorigo and Colombetti [36] with other
colleagues. In the years from 1990 until 1998 they applied different versions of
their parallel learning classifier system, ALECSYS, to a different number of robo-
tics applications. Borrowing the idea “shaping”’ from experimental psychology
they introduced the concept of Robot Shaping defined as the incremental training
of an autonomous agent. To apply this idea to real world problems they defined
a behavior engineering methodology named BAT: Behavior Analysis and Trai-
ning. An overview of their work can be found in Dorigo and Colombetti’s book
“Robot Shaping: An experiment in Behavior Engineering”; the technical details
of their parallel classifier systems, ALECSYS, are discussed in [38IBT/37/33]; dis-
cussions about Robot Shaping and BAT methodology can be found in [3522/24]
23]; some applications are discussed in [104)25]. Donnart and Meyer developed
a hierarchical architecture MonaLysa for controlling autonomous agents [28/30]
29]. MonaLysa integrates a reactive module implemented by a learning classifier
system with other deliberative modules (e.g., the planning module). Many other
applications to autonomous robotics have been carried out with Fuzzy Learning
Classifier Systems. For a review for those works we refer the reader to Bonarini’s
review in this volume [7].

5.2 Supervised Classification

Another important research area where learning classifier systems have been
applied is that of supervised classification. In this type of application, a series
of examples which represent a target concept (phenomenon) is presented to the
classifier system. The goal of the learning process is to develop a general and
compact model of the target phenomenon that the examples represent. This
model can be used to analyze the target phenomenon previously observed or to
classify unseen examples. The applications of learning classifier systems in this
area take two main approaches: that of cognitive modeling (e.g., Holland and
Reitman [64], Riolo [I17], and, recently, Hartley [54]); and that of data analysis
and data mining (e.g., Bonelli et al. [§], Holmes [65l66J67/68], Guiu et al. [73]
4], Saxon and Barry [124] this volume]).

In the former case, learning classifier systems are used as a way of mode-
ling human categorization process. Riolo [I17] used a classifier system to model
human performance on a simple deterministic categorization task; his classifier
system is able to replicate data on human performance and also show some inte-
resting generalization capabilities on unseen cases. Qualitatively similar results
are presented by Sen [129] who also studied classifier systems performance on
filtering and condensation tasks [85]. Hartley [53l64] compares NEWBOOLE [J]
and XCS [I59] on a categorization task. His results show that the different me-
thods of fitness evaluation of these models (i.e., strength-based in NEWBOOLE,
accuracy-based in XCS) have a significant impact on the knowledge the systems
evolve, in particular that accuracy-based fitness produces a more complete model
of the problem space (in Wilson’s words [159] a complete mapping).
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In data mining applications, learning classifier systems are used to extract
compact descriptions of interesting phenomenon usually described by multidi-
mensional data. Bonelli and Parodi [8] compared NEWBOOLE with other two
learning algorithms, the rule inducer CN2 [18] and neural networks, on three me-
dical domains showing that NEWBOOLE performed significantly better than
the other methods. Sen [127] modified the conflict resolution strategy of NE-
WBOOLE to improve its performance on known machine learning datasets.
The reported results show that this variant of NEWBOOLE outperforms many
machine learning methods. Holmes [65/66/67/75] applied his version of NEW-
BOOLE, EpiCS, to classify epidemiologic surveillance data. The results of his
research are discussed in Holmes’ paper “Learning Classifier Systems Applied to
Knowledge Discovery in Clinical Research Databases” in this volume [68]. Saxon
and Barry studied the performance of XCS in a set of known machine learning
problems, namely the MONK problems, demonstrating that XCS is able to pro-
duce a classification performance and rule set which exceeds the performance of
most current Machine Learning techniques [142]. Their results are extensively
discussed in their paper “XCS and the Monk’s Problems” in this volume.

5.3 Other Applications

Apart the applications in autonomous robotics and data mining and analysis,
there are many other specific problem domains where learning classifier systems
have been applied. In this section we mention just a few of them. Note that
these uses of classifier systems fall into two basic categories: (i) “engineering”
applications, i.e., where the goal is to get a classifier system which can do a task as
well as possible, with no concern about exactly how it does it, and (ii) “modeling”
applications, where the goal is to construct a plausible model of some real system,
in which the mechanisms used in the classifier system should plausibly capture
some essential features of the system being modeled, and in which the classifier
system generates behavior which should match that of the real system being
modeled, independent of whether that behavior can be described as good or bad
performance on some given task.

In Computational Economics, learning classifier systems have been used to
model adaptive agents in artificial stock markets (see for example the works of
Brian Arthur et al. [2] and Lebaron et al. [04]). Vriend [T48IT49/T50] compared
the performances of Michigan style and Pittsburg style classifier systems on the
same economic model. Marimon etal. [98] have modeled the emergence of money
using populations of classifier systems, each individual modeling the behavior of
one economic agent. Bull [I6] applied a variant of Wilson’s ZCS in a simulated
“Continuous Double-Auction” (CDA) market. Other papers discussing the use
of classifier systems as a tool for modeling agents in economic systems include
those by Miller and Holland [100] and by Mitlohner [I0T].

Recent use of classifier systems to model various aspects of human cognitive
systems include (i) the work of Satterfield [I23] in which a classifier system is
used to model humans learning languages in bilingual environments, enabling
her to test alternative conceptual models of this process, (ii) the work of Druhan
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and Mathews [39], in which a classifier system was used as a model of how
humans learn (artificial) languages, and (iii) the work of Davis [26], who build a
computation model of Affect Theory, which was able to generate behavior which
matched known behaviors in humans, and which generated behavior which can
be seen as predictions of novel phenomena which can be experimentally verified.

Other uses of classifier systems include the work of Federman etal. [411/42]
4345, who have applied learning classifier systems to predict the next note in
different type of music. Richards etal. [TO6{TO7JTO8TOYTTOITTT] applied classifier
systems to 2-D and 3-D shape optimization. In another shape related application,
Nagasaka and Taura [I03] generate shape features using classifier systems. Smith
et al. [133] (see also [131], this volume]) applied learning classifier systems to the
problem of discovering novel fighter maneuvering strategies. Sanza et al. [122]
used an agent with a classifier system to support users who navigate in a virtual
environment. Frey and Slate [46] applied a classifier system to a letter recognition
problem; Cao et al. [I7], Escazut and Fogarty [40] to traffic controllers; Gilbert
etal [47] to the profit optimization of a batch chemical reaction.

6 Summary

The research in learning classifier systems is not limited to a specific research
field as the review we presented here demonstrates. In fact learning classifier
systems have been studied and applied in many different areas. With this paper
we tried to give a map to the readers for seeing their way not only through the
many papers which have been published since 1989, but also through the many
inter-related research problems and issues which have been addressed in those
(and preceding) years.
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Abstract. XCS is a new kind of learning classifier system that differs
from the traditional kind primarily in its definition of classifier fitness and
its relation to contemporary reinforcement learning. Advantages of XCS
include improved performance and an ability to form accurate maximal
generalizations. This paper reviews recent research on XCS with respect
to representation, internal state, predictive modeling, noise, and under-
lying theory and technique. A notation for environmental regularities is
introduced.

1 Introduction

A classifier system is a learning system that seeks to gain reinforcement from its
environment based on an evolving set of condition-action rules called classifiers.
Via a Darwinian process, classifiers useful in gaining reinforcement are selected
and propagate over those less useful, leading to increasing system performance.
The classifier system idea is due to Holland [4], who laid out a framework that
included generalizability of classifier conditions, internal message-passing and
reinforcement, and computational completeness. However, despite considerable
research, the performance of the traditional system has been mixed, and there
have been few advances on the initial theory.

Recently, Wilson [30] introduced XCS, a classifier system that retains essen-
tial aspects of Holland’s model, while improving on it in some respects. XCS’s
definition of classifier fitness is different from the traditional one, and the sy-
stem’s organization includes ideas from the contemporary field of reinforcement
learning [25]. In particular, due to the fitness change—which is theoretically
based—XCS tends to evolve classifiers that are both accurate in their predic-
tion of payoff and maximally general, resulting in higher performance as well as
compactness of representation. The traditional model provides no theory as to
how generalization would occur accurately, and in fact it does not. XCS’s per-
formance gets further theoretical transparency from the reinforcement learning
(RL) connection, particularly the use of predictions and discounting. Theoretical
understanding of performance in the traditional model is limited.

XCS has been investigated on problems including learning the Boolean mul-
tiplexer functions, and to find goals in grid-like “woods” and maze environments.
XCS reaches optimal performance in these problems, which are generally more
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difficult than problems set for the traditional system, where performance is rarely
optimal.

Because XCS appears both theoretically and practically to be a clear advance,
and also because these developments have come rather quickly, it is desirable to
undertake a review of the current state of XCS research. The following discussion
assumes a familiarity with classifier systems, as well as acquaintance with the
basics of XCS [30]. The material is organized under five topics: representation,
internal state, predictive modeling, noise and uncertainty, and XCS theory and
technique. First, though, it will be useful to introduce some simple notation to
describe classifier system environments.

2 Environment Notation

A classifier system acts to gain payoff in its environment. Suppose that x re-
presents a particular environmental state as detected by the system’s sensors
at time ¢ and that a represents an action the system is capable of taking in
that state. Let p represent an amount of payoff. Then the notation (z,a) — p
says that if the system takes action a in state z, payoff p will be received. The
expression states what we may term a predictive reqularity of the environment.

With some further notation, we can represent the totality of predictive re-
gularities. Let X stand for the set of all environmental states (as read from its
sensors) that the system will encounter, let A represent its set of available ac-
tions, and let P represent the set of possible payoffs. Then there is a mapping
X x A = P from the product set of states and actions to the set of payoffs, that
expresses the totality of predictive regularities in the system’s environment. The
mapping can also be regarded as representing the system’s payoff landscape,
since it associates a value from P with every point in the space of sensor varia-
bles and actions defined by the X x A product set. (Not all points in the space
may be realizable by the system).

Suppose that, for a given action a and payoff p, more than one state x; satis-
fies (z;,a) — p. Let us write ({z},a) — p to express all such states compactly,
where we have dropped the subscript. We term the set {x} a categorical regu-
larity. It denotes a maximal set of states which are equivalent in the sense that
they all satisfy (x,a) — p for a given value of a and a given value of p.

We can now look at the payoff landscape X x A = P from a categorical per-
spective. In general, the landscape will not be indefinitely “irregular”. Instead,
it will contain regions ({z},a) over which the value of p is constant, or nearly
so. Each such region is a categorical regularity. The points within the region are
equivalent with respect to payoff.

To summarize, a predictive regularity says that action a in state x leads
reliably to payoff p. A categorical regularity says that, given a, there may be
many states z which result in the same p.

Note, as an important aside, that often the payoff from the environment is
zero for most pairs (x, a). This is the case in environments where the system must
perform a sequence of actions in order to arrive in a state where payoff can be
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obtained. Thus, much of the time, the system must “find its way” without benefit
of payoff directly from the environment, i.e., without so-called external payoff
or reward. To deal with this situation, Holland proposed the bucket brigade
algorithm, in which external payoff is in effect passed back from each activated
classifier to its predecessor. The bucket brigade was in fact an early proposal for
reinforcement learning in sequential environments.

The technique used in XCS is similar in some respects, but is closer con-
ceptually and algorithmically to @Q-learning [27], a theoretically grounded and
widely used technique in contemporary reinforcement learning. The result is that
XCS exists in an environment where the payoff for each (x,a) is a combination
of external payoff (if there is any) and the system’s current estimate of the ma-
ximum payoff available in the succeeding state y. Thus the payoff environment
for XCS is a combination of payoffs from the “true” external environment and
an internal estimation process modeled after Q-learning. With this qualification,
we shall continue to characterize the environment by the mapping X x A = P,
at least until the next qualification!

3 Representation

In general, the objective of XCS is to capture, in the form of classifiers, the
predictive regularities of the environment, &£, so the system can attain payoff at
optimal rates. A second objective is to evolve a classifier population that captures
&’s categorical regularities compactly and accurately. In principle, compactness
of representation can occur because classifier syntax permits the formation of
generalizations, classifiers whose conditions match more than one state. In the
traditional syntax, where the condition is a string from {1,0,#}, a condition
can match more than one state if it contains #’s.

Ideally, for each categorical regularity ({z},a) — p in &, the system should
evolve a classifier (condition) : {action) = (prediction) in which the action and
prediction are a and p, respectively, and the condition exactly corresponds to
{z}; that is, all and only the states in {z} are matched by the condition. Put ano-
ther way, the generalization expressed by the classifier should correspond exactly
to the categorical regularity. Evolving such classifiers is important because it mi-
nimizes population size in terms of distinct classifiers (or macroclassifiers—see
Section 7.4), resulting in rapid matching and visibility of the system’s knowledge
to human beings. Equally important, in many problems the mapping X x A = P
cannot be represented by a reasonable number of classifiers unless its catego-
rical regularities are captured. Finally, if classifiers are capable of expressing
generalizations, it is important that the generalizations be accurate, i.e., that all
of the state-action combinations expressed by the classifier indeed result in the
same payoff. Otherwise performance will usually be less than optimal, since some
classifier predictions will be incorrect, causing the system to choose suboptimal
actions.

In light of these objectives, there are two broad respects in which the tra-
ditional syntax appears limited. First, the individual variables of the condition
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can take just two values, 1 and 0 (plus #). This is not a limitation where the
environment’s variables are also strictly two-valued. But in many environments,
the variables of interest are continuous, or may take on more than two discrete
values. Clearly, if £ has continuous variables, it will only be in fortuitous cases
that its categorical regularities can be accurately captured by thresholding to fit
the {1,0,#} coding, and then only with just the right thresholds.

This problem can be alleviated to some extent by allowing variables in the
condition to be expressed by binary numbers greater than 1, e.g., by four bits
to represent a range from 0 to 15. The problem here is that many possible
regularities of £ are still not expressible. For example, 111# will match the
range 14-15, but a range such as 13-14 cannot be expressed as a four-position
string from {1,0,#}.

One solution [30l32] would be to explore condition encodings where each
variable is expressed by a real interval. For instance, the interval (13.0 < v <
14.0) would be expressed by the numbers 13.0 and 14.0 as an ordered pair, or,
alternatively, by 13.5 as a center value and 0.5 as a “spread” or delta value around
it. The classifier condition would be a concatenation of such pairs. The condition
would be satisfied, or match, if each component of the input, a real vector, fell
within the interval denoted by the corresponding ordered pair. The condition
would thus express a conjunct of interval predicates. The interval predicates
would be restricted to connected intervals (two or more separated intervals could
not be expressed in one classifier), but that will in many cases be satisfactory.
Classifiers with interval predicates would be evolved using genetic operators
appropriate to real-valued variables. The application to practical areas like “data
mining” is clear, since the variables there are often continuous.

The second limitation of the traditional syntax stems from the fact that the
condition is a conjunct of individual predicates, i.e., an AND. For problems,
such as Boolean functions, where the categorical regularities are expressible as
ANDs of the variables, the syntax is appropriate because it matches £’s own
“syntax” directly. However, in other environments, the categorical regularities
can be quite different, and therefore so is the optimal syntax.

For example, consider a robot having a linear array of light sensors around
its periphery. Appropriate actions may depend on how much total stimulus is
coming from one direction vs. another. A natural kind of classifier condition
might compare the sum of certain sensor values with the sum of certain other
values; if the first sum was greater, then a certain payoff would be predicted
for an action like rotating to the left. Such a condition is impossible to express
with the traditional syntax, and in fact would require a large number of separate
classifiers. Instead, one would like a condition syntax that could directly express
a predicate involving comparison of sums. Such a predicate would represent a
categorical regularity with respect to all sensor value combinations that make
it true. More generally, one would like a syntax permitting expression of any
predicate, or truth-function of the input variables.

Predicates of any type can be constructed as Lisp s-expressions of primi-
tive functions appropriate to the given environment. For example, in the pro-
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blem just mentioned, appropriate primitives would include '+’ and ’>’. Genetic
programming [10] has shown in principle how such predicates might be evol-
ved, leading to the suggestion [29] of s-classifiers, classifiers with s-expression
conditions. Recently, Lanzi and Perrucci [17] reported learning of the Boolean
6-multiplexer using XCS with s-classifiers. Learning times in terms of number
of examples seen were approximately equal to times with the traditional syn-
tax, suggesting—perhaps surprisingly—that use of s-expressions may not bring
greater learning complexity. Their experiments with sequential problems in a
“woods” environment were equally promising in this respect. The results encou-
rage extension of XCS and s-classifiers to environments with a wide range of
appropriate predicate functions.

It is worth noting that genetic programming and XCS use similar fitness
measures. While in GP the fitness measure can vary with the problem domain,
very often it involves the degree of fit between the candidate function and a
number of pre-specified “fitness cases”. That is, the fitness of the candidate is
measured by the accuracy with which its output matches the values of the fitness
cases. In XCS, the fitness of a classifier is measured by the accuracy with which
it predicts the payoff that is received when it matches the input and the system
chooses its action. The classifier’s “fitness cases”, so to speak, are the states it
matches and the associated payoffs (for its action). This similarity suggests that
much of the technique developed for GP should carry over well to XCS. It also
suggests thinking of the classifier’s condition primarily as a payoff-predicting
function instead of as a predicate testing for a match. It is in fact reasonable to
consider extensions in which the classifier predicts not a constant payoff value,
but a value that varies with input state. The fitness of such a classifier would still
be measured by the accuracy of the predicted values. Evolution of such classifiers
could lead to further reductions in population size, since each could cover (z, a)
pairs having different payoff values. In the limit, the population might evolve to
consist of just one species of classifier, predicting all payoffs. This speculative
outcome would be like the result of standard genetic programming, in which just
one best individual is sought, but would occur by a different and possibly faster
route.

S-classifier conditions are variable-length and, unlike traditional conditions,
not all input variables need be represented. Missing variables are in effect “don’t
cares”. The simplest kind of variable-length condition would concatenate the
variables that are included as an unordered string of (variable,value) pairs.
The format is the same as that employed by Goldberg, Korb and Deb [3] in
the messy genetic algorithm. Lanzi [13] experimented with this condition format
using genetic operators and other techniques similar to those in the messy GA,
while leaving unchanged the rest of XCS. After encountering and solving certain
problems of under- and over-specification, Lanzi was able to achieve optimal
performance on problems also solved optimally by regular XCS. Lanzi’s messy
classifier system has the property that a population evolved for a certain set
of sensors can be installed in a system having additional sensors and through
mutation alone will continue evolving to take advantage of the additional sensors.
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This follows from the position-independence and lack of fixed format of the
messy CS, and is experimentally demonstrated in the paper. Lanzi suggests
that position-independence “can improve the portability of the behaviors learned
between different agents”, a property that would presumably also hold for the
s-classifier system.

The work on representation in XCS is aimed at increasing its learning power
and ability to deal with payoff landscapes of any reasonable sort. Each payoff
landscape has regularities. For high performance and representational efficiency,
XCS must not only detect the regularities, but must also be able to represent
them accurately. Pilot success with s-classifiers hints that this will be possible
for any environment, but there is great room for further advances and under-
standing.

4 Predictive Modeling

XCS learns the mapping X x A = P, a payoff model of £, but the environment
offers additional information that XCS could usefully predict. Specifically, given
a state x and an action a, there results not only a payoff p, but a next state y. If
XCS were to learn the mapping X x A = Y, with elements (z,a) — y, it could,
from any present state x, consider chains of actions extending into the future;
that is, it could plan. A representation of the mapping X x A = Y is usually
termed a predictive model.

Holland [5] and Riolo [20] proposed classifier systems in which each classifier
has a condition, an action, and a prediction of the resulting next state. The
systems (which differed somewhat) were to learn predictive models of &, but
because the experiments did not involve the discovery or GA component, the
systems’s workability in practice is unknown. Sutton’s [24] Dyna system used
a predictive model coupled with standard reinforcement learning algorithms to
speed up learning in goal-finding problems. Dyna learned the payoff mapping
XxA = P not only by trial and error in the actual environment, but also through
hypothetical actions carried out in the predictive model as it was being built up,
resulting in much faster learning of the payoff map, at least in terms of real
actions in £. Sutton experimented in environments with uniquely labeled states,
and used tabular learning algorithms such as tabular Q-learning, so that no
generalization over states occurred. However, the Dyna concept would carry over
directly to XCS. Stolzmann’s [23] Anticipatory Classifier System (ACS) predicts
the next state and has been demonstrated experimentally in small problems.
ACS does not use the GA, but instead generates a new, correct, classifier when
existing classifiers fail to predict correctly, i.e., are inaccurate. The system has
many interesting features that deserve further investigation.

An XCS classifier suitable for both payoff and predictive modeling could have
the form (condition) : (action) = (prediction) : {expecton), in which (expecton)
is a vector of variables describing the succeeding state [30]. The fitness of this
classifier, as in regular XCS, would be measured by the accuracy of the prediction
of both payoff and the next state. Questions arise, of course. How is the accuracy
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of the expecton measured? Suppose (z,a) — p in &, but the next state, y, is
not definitely predictable; what form should the corresponding classifier have?
To address these questions, suppose that the expecton can contain unspecified
positions, along the lines of don’t cares but in this case more like “don’t knows”.
Then the expecton’s accuracy would be measured by a function of the number
of specified positions and the agreement between the values in those positions
and the actual next state’s values. In situations where the next state was not
completely predictable, but some state variables were, a high fitness classifier
could evolve which successfully predicted just those variables and left the others
as “don’t knows”. The expecton would in effect generalize over next states.

It is not clear, however, that the payoff and predictive mappings should be
learned by the same set of classifiers. Perhaps it is better to have classifiers
of the form (condition) : {action) = (prediction) and of the form (condition) :
(action) = (expecton). Then the underlying state regularities could be captured
independently of the payoff configuration, which might change. Too, it could
be that the payoff map was simple compared with the state map, and having
separate classifier populations would exploit this. If the environment contained
several kinds of payoff, with distinct payoff maps, use of a separate state classifier
system would mean the state information had only to be learned once.

The best approaches to adding predictive modeling to XCS are completely
open at present. The benefits include faster learning along the lines of Dyna,
but incorporating generalization. Other benefits may stem from the fact that the
state classifier system, if it involves significant generalization in its conditions
and expectons, would yield a sort of simplified recoding of £, that is, a simplified
description of the state landscape. How this might be useful is not clear at
present.

5 Internal State

At this point we must disturb the neat X x A = P environment model by in-
troducing the Markov /non-Markov distinction. An environment has the Markov
property if the prediction of p given xz and a cannot be improved by knowledge
of states preceding z. Strictly speaking, this is the Markov property with respect
to payoff. Such an environment might or might not be Markov with respect to
next states. But, for simplicity, by Markov we shall mean Markov with respect
to payoff. An environment is non-Markov if it is not Markov.

The Markov/non-Markov distinction is crucial in reinforcement learning be-
cause it says whether an environment can or cannot be predicted on the basis of
current input information. If so, the system can rely entirely on that information.
If not, it must remember, or encode, something about the past and use that in
conjunction with current input information in order to make correct decisions.
If £ is Markov (and deterministic), its payoff properties can be represented by
X x A = P. If £ is non-Markov, the mapping is not well defined because the p
resulting from (z, a) is not predictable.
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A very simple example of the distinction is the following [19]. Imagine a
gift packing task in which a gift must be placed in an initially closed box after
which the box is wrapped. Initially the box is closed with no gift inside and
must be opened and filled. Later, with gift inside and again closed, it must be
wrapped. In both cases, the system’s sensors see a closed box, but the actions
called for are different. If the system only sees the box, it can’t perform correctly
unless it remembers what it has done, or has made some other mental note, i.e.,
unless it maintains some form of internal state. The environment is non-Markov.
If, however, the system’s sensors include one that weighs the box, then for a
high enough gift to box weight ratio, the environment becomes Markov and no
internal state is required.

Note how the distinction very much depends on the system’s sensors. Envi-
ronments can be “made” Markov if there are enough sensors. Markov environ-
ments will become non-Markov if the number of sensors (or their ability to make
distinctions) is reduced. Thus it is not the environment itself that is Markov
or non-Markov, but the environment as sensed by the system. In speaking of
an environment as Markov or non-Markov, we shall mean the environment in
conjunction with the system’s sensors.

How can XCS learn non-Markov environments? In reinforcement learning,
there are two major approaches. One, the “history window”, extends the input
vector to include inputs from previous time-steps, enlarging the effective state
space until the mapping X’ x A = P, with X’ the extended space, becomes well-
defined, and the problem is effectively Markov. Though X’ grows exponentially
with the length of the history window, this approach can be satisfactory if the
window is very short. The other approach attempts to identify and remember
past events that will disambiguate X x A = P, and these are combined with the
current = to make decisions. Some versions of this approach employ recurrent
neural networks. The problem here is that the complexity of the search is again
exponential with distance into the past.

Holland’s classifier system contains an internal message list, where informa-
tion from one time-step can be posted by a classifier and then be read by another
classifier on a later time-step. It was hoped that classifiers would evolve whose
postings and readings led to high performance in situations where past informa-
tion was needed (i.e, in non-Markov environments). Holland’s idea was neither
a history-window approach, nor one that searched purposively for critical past
information. Rather, the approach was Darwinian, relying on variation and sel-
ection. Unfortunately, because of the complexity of the message list structure,
and also—in our opinion—because fitness was based on “strength” and not ac-
curacy as in XCS, Holland’s system showed only limited success on non-Markov
problems [2T122].

Wilson [29] suggested that coupling between posting and reading classifiers
would be enhanced if the internal state were embodied in a simple bit regi-
ster instead of a list of messages. He observed that in many problems, deci-
sions needing past information often require only one or a few bits. Classi-
fier structure could take the form, (external condition) (internal condition) :
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(external action) (internal action) = (prediction). The internal condition would
apply to the internal bit register; the internal action would set, reset, or ignore
bits there.

The suggestion was taken up by Cliff and Ross [2]. They added an inter-
nal register to Wilson’s [29] ZCS system (a classifier system with fitness based
traditionally on strength). The resulting system, ZCSM, performed quite well,
though not optimally, in several simple non-Markov mazes. Examination of evol-
ved populations showed that ZCSM indeed evolved classifiers that employed the
internal register to discriminate the mazes’ “aliased” (indistinguishable) states.

Lanzi [I1] obtained improved results with XCSM, which added an internal
register to XCS, but more difficult mazes could still not be learned optimally. In
further work [12], he proposed that exploration of internal actions should be car-
ried out differently than exploration of external actions. He found that too much
exploration of internal actions would prevent the stable formation of classifiers
that acted appropriately on the internal register contents. To use the register
effectively implies that the system must both create an appropriate internal
“language” (of register settings) and also learn how to interpret that language.
Lanzi experimented with XCSMH, a modified XCSM in which the internal regi-
ster settings (the “language”) were explored only by the genetic algorithm and
were not explored as part of the action selection process. The language was thus
explored more slowly than its interpretation. This resulted in optimal perfor-
mance on more difficult (more aliased states) mazes. In further work [14], he
discovered that still improved performance would occur if the internal register
was somewhat redundant, that is, had size somewhat greater than the minimum
number of bits needed in principle to disambiguate the environment’s aliased
states. This last result confirms, in classifier systems, a similar result observed
by Teller [26] who used an internal register with genetic programming.

Cliff and Ross [2] worried that systems using an internal register would not
scale up well, because the amount of needed exploration would grow exponenti-
ally with the register size. Lanzi’s results suggest this may not be a concern, since
better performance results from less internal exploration than might have been
thought. In effect, it is not necessary to explore all possible settings of the regi-
ster. Many settings will be interpretable to yield high or optimal performance;
it is only necessary to find one of them. A broad discussion of the non-Markov
work is given in [I§].

Good learning in non-Markov environments is perhaps the largest outstan-
ding problem in RL. Progress using an internal register with XCS suggests this
approach should be pursued vigorously. Most important would seem to be to
study further how best to do “internal exploration”, to understand better the
complexity implications of the register and its size, and of course to investigate
increasingly difficult environments. Learning of hierarchical behavior is another
outstanding RL problem. It is possible that internal “languages” will evolve that
use the register in a hierarchical manner, i.e., certain bit positions will encode
longer-term contexts while others encode behavioral details. This might open
the way to realization of “hierarchical classifier systems” [28].
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6 Noise and Uncertainty

The vast majority of classifier system research has used noiseless, deterministic
environments, but these ideal properties do not hold in many potential applica-
tions. Robotic sensors are often extremely noisy, as are the data in most “data
mining” problems. Besides noise inherent in the environment, XCS is vulnera-
ble to noise-like uncertainty in two other respects. First, if the environment is
non-Markov and the system has insufficient internal state to disambiguate it,
the system’s classifiers will not be able to arrive at stable predictions. Classifier
errors will not go to small values or zero and this error will be indistinguishable
from error that results from “true” environmental noise. Second, if a classifier is
overgeneral, it will make prediction errors that are also not distinguishable from
the other kinds, at least until the overgenerality is eliminated.

Since in XCS fitness is based on accuracy, it is important to determine XCS’s
sensitivity to external noise. Lanzi and Colombetti [16] tested XCS in Markov
environments where the system’s probability of carrying out its intended action
was less than 1.0. Specifically, in a grid-world maze, the system would with
probability € “slip” to one or the other of the two cells adjacent to its intended
destination cell. Thus the system was subject to a kind of action noise. For values
of € up to about 0.25, Lanzi and Colombetti found that performance was nearly
as good as XCS without generalization (no #’s) or tabular Q-learning, all subject
to the same action noise. Thus even with generalization “turned on”, XCS was
able evolve classifiers as accurate as those evolved when generalization was not
enabled. The system was able to eliminate errors due to overgeneralization even
in the presence of external noise over which it had no control. However, at an ¢
of 0.50, performance broke down drastically.

The authors then introduced a technique that resulted in nearly optimal
performance even when € was 0.50. A new parameter 1 was given each classifier
for keeping an estimate of the minimum prediction error among the classifiers
in its action set [A]. Each time a classifier takes part in [A], it looks at the other
classifiers in [A] and notes the value of the prediction error parameter of the
classifier with the lowest such parameter. Our original classifier then updates
its p parameter using the value just identified. Finally, when it updates its own
prediction error parameter, it uses not its current prediction error, but that
error minus its current value of u. The procedure is based on the heuristic that
the minimum prediction error in the action set is a good estimate of the actual
external noise, since all the classifiers are subject to it. Subtracting p out means
that each classifier’s error estimate approaches the value it would have in a
noiseless environment, so that overgeneralization errors can be eliminated and
performance is maintained. The technique is a new kind of example of how the
population-based nature of XCS—the fact that it supports multiple hypotheses
for each situation—can markedly aid the search.

It is important to test the technique on the other kinds of environmental
noise, namely noise in the sensors and in external payoffs. Both are important
for prediction from real data, since data sets used for learning will often contain
errors in data (sensor) values and inconsistencies in outcomes (payoffs). Lanzi
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and Colombetti’s technique promises to be valuable in learning predictions from
noisy data while retaining the ability to detect generalizations, properties which
will be of great interest to human users of XCS in data applications.

7 XCS Theory and Technique

7.1 Generalization

From the beginning, XCS has displayed a strong tendency to evolve classifiers
that detect and accurately represent the categorical regularities of its environ-
ment. This is based, first, on making fitness depend on accuracy of prediction
(in contrast to “strength” in the Holland framework). Second, it depends on the
use of a niche GA [I]. Together, these have the consequence that of two equally
accurate classifiers where one matches a subset of the states matched by the
other, the more general classifier will win out because it has more reproductive
opportunities (for a detailed discussion, see [30]).

The drive to evolve accurate, maximally general classifiers at the same time
as it learns the mapping X x A = P suggests that XCS tends to evolve popula-
tions that consist of the smallest possible set of non-overlapping classifiers, thus
representing the environment’s payoff landscape optimally. Kovacs [7] termed
this the XCS Optimality Hypothesis, and demonstrated it for Boolean multiple-
xer problems. It is important to explore this direction further, in particular by
trying Boolean problems which are less symmetrical than the multiplexers. In
the multiplexer function, each categorical regularity covers an equal portion of
the input domain. As a result, for random inputs, all parts of the population are
updated and subjected to GA processes at approximately the same rate. For a
function with categorical regularities of unequal size, this equality of rates would
not hold and one can expect that XCS’s functionality will be affected to a degree
that should be determined. A similar kind of test would be achieved with the
multiplexer by changing to an input distribution that was not uniformly random.

XCS’s tendency to evolve accurate, maximally general classifiers is not gua-
ranteed. Situations can arise, particularly in sequential problems using discoun-
ting, in which overgeneral classifiers may fail to be eliminated, even though their
accuracy is low. Elimination depends on the existence of a more accurate com-
petitor classifier in every action set where the overgeneral occurs. Normally this
will be the case, due to the genetic mechanisms. However, if populations are too
small relative to the number of distinct categorical regularities in £, action set
sizes will be small so that the GA will be slow to generate the competitors and
an overgeneral may not be eliminated before it causes trouble, i.e., before action
errors occur that in the worst case bring a breakdown of overall performance.

Overgenerals will also not be eliminated if the errors in an action set are so
small that the system’s accuracy mechanism cannot differentiate the fitnesses.
Discounting can have this effect, since the predictions—and thus errors—become
smaller farther from sources of external payoff. XCS originally defined accuracy
as a negative exponential function of prediction error. If one very small error is
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nevertheless twice as big as another one in the same action set, an exponential
function will not differentiate them well since the ratio of two exponentials is an
exponential of the difference of their arguments, and may be small. The problem
is substantially reduced by changing the accuracy function to a negative power
function of the error [31]. Then, if one error is twice another, the accuracy ratio
is a power of two, independent of the actual error values.

Despite larger populations and an improved accuracy function, performance
can still sometimes break down due to failure to eliminate overgenerals rapidly
enough. For such “emergencies”, Lanzi [15] developed a mechanism termed spe-
cify. Every action set is tested to see if its average error relative to the population
average error exceeds a threshold. If so, a new classifier is added to the action
set that covers the current input and whose condition has a predetermined pro-
bability of don’t care positions. The intention is to add a fairly specific classifier
to the high-error action set that will compete in accuracy with the overgeneral
classifiers that are probably present. Specify works well in that performance bre-
akdowns due to overgeneralization are eliminated. At the same time, because it
acts locally, specify does not restrain the system from forming accurate genera-
lizations where warranted.

In the first work on XCS, the GA occurred in the match set [M]. Later [31]
it was moved to the action set [A]. The result was that in certain problems
the population size—in terms of macroclassifiers—evolved to be smaller. The
smaller populations contained the same accurate general classifiers as before,
but there were fewer more-specific versions of these present, and fewer inaccurate
classifiers. The apparent reason for this improvement is fairly subtle.

Consider a match set, and suppose that the state z being matched partici-
pates in two categorical regularities of £: ({z}1,a1) — p1 and ({z}2,a2) — po.
Suppose classifiers C1 and C2 in [M] perfectly represent these regularities. That
is, the condition of C1 exactly fits {z}; and the condition of C2 exactly fits
{z}2. Both classifiers are accurate and maximally general. What if the GA cros-
ses them? If the two conditions are identical, then the offspring conditions will
be identical to the parent conditions. However, if the two conditions are not
identical, the offspring conditions may be different from those of both of the
parents (e.g., cross #1 and 1#). Since by hypothesis the parents were accurate
and maximally general, the offspring, if different from the parents, will not be
and will thus constitute a kind of crossover “noise” that the system will have
to eliminate. Thus even if the system has found accurate, maximally general
classifiers that match the present input, the action of crossover will—if {z}; and
{z}2 differ—continue to generate suboptimal classifiers.

Suppose however that the GA, and thus crossover, occurs in [A] instead of
[M]. Now only one of C1 and C2 is present and not the other (they have different
actions). Since they cannot be crossed, the offspring just mentioned will not be
formed and do not have to be eliminated. C1 (suppose it’s the one present) will
still cross with more-specific and more-general versions of itself that may be
present too in the action set; the same crosses would occur in the match set.
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But the “noise” due to crosses with C2 will not. The argument is clearest in an
extreme case: assume the match set consists only of C1 and C2.

The reduction in population size due to moving the GA to [A] was observed
in problems where, if a classifier was accurate and maximally general, it was
often not the case that another classifier with a different action but the same
condition would also be accurate and maximally general (another way of saying
that C1’s condition is different from C2’s). However, in problems where this was
the case (conditions of C1 and C2 always the same), the population size was
unchanged in moving the GA from [M] to [A]. Thus the shift to the action set
appears justified both in principle and experimentally. But further examination
in both respects is needed to understand fully what is happening.

If the GA does occur in the action set, what can we say that crossover is
actually doing? Note that all classifiers in both the match and action sets must
match the input. However, all classifiers in the action set have the same action.
Thus the GA may be regarded as searching for the best—i.e. most general and
accurate—classifier to represent the regularity ({z},a) — p that the present
(z,a) pair belongs to. The classifiers in the action set have conditions of varying
specificity. They exist somewhere along the line between completely specific and
completely general. Crossover produces offspring that in general occupy points on
the line different from their parents. Clearly the GA—using crossover, mutation,
and selection—is searching along this line, driven by a fitness measure, accuracy,
that is strongly correlated with specificity. This is the heart of XCS’s discovery
process, and a detailed theory is definitely called for.

Also called for is a theory of how fitness based on accuracy interacts with
the reproductive opportunity afforded by greater generality to drive the system
toward classifiers that are both accurate and maximally general. Wilson [30]
presented a heuristic argument: of two equally accurate classifiers, the more
general one would win out because being more general it occurs in more action
sets and thus has greater chance to reproduce. But the theory needs to be put
on a quantitative basis.

Wilson [31]] reported a secondary generalization method, subsumption dele-
tion, that further reduces, or “condenses”, population size. The primary method,
as discussed above, causes classifiers to generalize up to the point where further
generalization (e.g., addition of #’s in the traditional syntax) would result in
errors. However, the process may actually stop short of this point, since a for-
mally more general classifier (more #’s) will only win out if it can match more
states of the environment (yielding more reproductive opportunities). But those
states may not actually be present in &£, i.e., £ may not contain all the states
permitted by the encoding. So the system will not evolve classifiers that are as
formally general as they could in fact be.

To see this, suppose £ contains the categorical regularity ({000,001},a) —
p1. Suppose € also contains (100, a) — pe, where ps and p; are different. Suppose
further that the states 010 and 011 are not present. The classifier 00# : a = p; is
clearly accurate. So also is 0#+# : a = p;. The second classifier is more general,
but since it matches no more actual states than the first, it will not win out
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reproductively, and the two will coexist in the population. Note, however, that
the classifier ### : a = p1, being inaccurate, will not survive. (See also the
discussion in [15]).

In many problems, it is desirable to end up with classifiers that are as formally
general as possible while still being accurate. The resulting population is smaller,
and the key differentiating variables (e.g., the first bit in the example above) are
more perspicuous. Subsumption deletion accomplishes this by checking, whene-
ver a new classifier is generated by the GA, whether its condition is logically
subsumed by the condition of an accurate classifier already in the action set. If
so, the new classifier is abandoned and not added to the population. Subsump-
tion deletion is a powerful addition to the primary generalization mechanism, but
it is somewhat risky. For each categorical regularity, it tends to eliminate all but
the formally most general, accurate classifier. If the environment should change,
such that certain states (e.g., 010 and 011 above) now occur, that classifier could
fail drastically resulting in a breakdown of performance. Retaining classifiers like
00+# : a = p; above—i.e., using only the primary process— prevents this.

7.2 Connection with RL

XCS’s learning algorithm is a straightforward adaptation of basic Q-learning.
The prediction of each classifier in the action set is updated by the current reward
(if any) plus the discounted value of the maximum system prediction on the next
time-step. The system prediction for a particular action is a fitness-weighted
average of the predictions of each classifier in the match set that advocates
that action. The maximum system prediction is the maximum, over the match
set, of the system prediction for each action. The essential difference with Q-
learning is that classifier—that is, rule—predictions are updated from predictions
of other rules. In Q-learning, action-values—that is, predictions for pairs (z,a)—
are updated from other action-values. XCS’s memory is contained in rule sets,
whereas Q-learning’s memory is stored in a table with one entry for each state-
action pair.

Of course, Q-learning-like algorithms have also been employed, for example,
in neural-net learning. But it is most interesting to compare XCS with tabular
Q-learning. That is the only case for which convergence proofs are known. In
addition, there is an important sense in which XCS’s algorithm is like tabular
Q-learning, but with generalization over the entries of the table.

If XCS is applied to a problem, but with generalization turned off (no initial
#’s, and none introduced by mutation), the result will be a set of classifiers
corresponding to the equivalent Q-learning table, except that for most state-
action pairs that do not actually occur in £ there will be no classifier. Thus,
without generalization, XCS will in effect build the Q-learning state-action table
“from scratch”, but only for (x,a) pairs that actually occur in €. Performance,
apart from some noise introduced by the GA, will be identical to that of tabular
Q-learning. If the GA is completely turned off, and classifiers are only created by
covering, performance will be the same as for tabular Q-learning, and the final
population will correspond precisely to Q-table entries that actually occur in £.
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With generalization turned on, performance by XCS will normally reach the
same level as for tabular Q-learning, but will take longer due to errors as accu-
rate general classifiers are discovered and emphasized. If the problem contains
categorical regularities and these can be represented by XCS’s syntax, then ge-
neralization will result in a population (in macroclassifiers) that is smaller than
the corresponding Q-table, often by a significant factor. If one examines classi-
fier predictions once the system has essentially stopped evolving, they are found
to equal the predictions of the corresponding Q-table. Thus while no proofs of
convergence are available, empirically XCS converges like Q-learning, but with
generalization as a bonus. The same sort of parallel might hold with other rein-
forcement learning algorithms, provided XCS’s update procedures were corre-
spondingly modified. (See [9T4] for detailed discussion of the relation between
XCS and Q-learning.)

7.3 Complexity

Real-world problems often have very large state spaces. Reinforcement learning
methods such as Q-learning that depend on tables of values scale exponentially
with the dimensionality of the state space. Not only does the table grow expo-
nentially, but so does the time needed to fill in the values. Tabular Q-learning is
not sensitive to categorical regularities in the environment and so cannot avoid
the exponential explosion. But research with XCS has suggested that because it
detects the regularities—and when it can represent them syntactically—XCS’s
learning complexity is dependent not on the dimensionality of the space, but on
the complexity of the underlying regularities. In this respect it may differ signifi-
cantly from other approaches to handling large state-spaces such as radial basis
functions, tiling (CMAC) methods, and neural networks, whose complexities are
ultimately tied to state-space size [25].

Information about XCS’s learning complexity comes from experiments with
the family of Boolean multiplexer functions [31]. Three functions were learned:
the 6-, 11-, and 20-multiplexers, where the numbers indicate the lengths of the
input bit-string [ or in other words, the dimensionality of the state space. The
disjunctive normal forms (DNF) for the functions contain, respectively, 4, 8,
and 16 terms. Associated with each term are exactly four payoff regularities, so
there are, respectively, 16, 32, and 64 payoff regularities in the three spaces. An
example of a payoff regularity for the 6-multiplexer is
({000000, 000001, 000010, 000011, 000100, 000101, 000110,000111},0) = p,
where p is the payoff associated with a correct decision. The accurate, maximally
general classifier corresponding to this regularity is 000### : 0 = p.

XCS reached 100% performance on the three functions after seeing, on aver-
age, 2,000, 10,000, and 50,000 random input strings. Final population sizes in
macroclassifiers were, respectively, 55, 148, and 345. In contrast, the state space
sizes are, respectively, 64, 2,048, and 1,048,576, growing exponentially. If one
infers from these limited data that the learning times grow by a factor of five
from one multiplexer to the next, then the times can be fit to a function cg?,
where g is the number of regularities in the function, p = log 5 = 2.32, and ¢ =
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3.22. Thus the learning time complexity would be a low power of the number of
regularities in the space.

A very tentative theory of this result can be proposed. The search for a set
of classifiers that accurately represent the regularities may involve two factors.
One is the number of regularities itself. The other is the length of the classifier
condition, because each position of the condition must be “set” correctly. The
length of the condition is [, but the number of regularities is approximately
proportional to [—it approaches an exact proportionality in the limit of large
multiplexers. It seems reasonable to conclude that the search time should depend
on product of these two factors, which would be consistent with the function just
proposed.

Further research is needed to test these ideas. In particular, XCS should
be applied to larger multiplexers, and to other function families. At this point,
however, XCS promises to scale up well in problems for which its representational
syntax is appropriate.

7.4 Techniques

Traditionally, classifier system populations contain many classifiers that, due to
reproduction without associated crossover or mutation, are structurally iden-
tical, i.e., they have the same conditions and actions. Wilson [30] introduced
macroclassifiers in order to eliminate this redundancy as well as reduce pro-
cessing time and save storage. In a population of macroclassifiers, each newly
generated classifier is examined to see if a structurally identical classifier already
exists. If so, the existing classifier’s numerosity parameter is increased by one
and the new classifier is abandoned. If not, the new classifier is added to the
population with its numerosity initialized at one. XCS uses a macroclassifier po-
pulation, but all operations are otherwise conducted as though the population
consists of ordinary classifiers (“microclassifiers”); that is, numerosities are ta-
ken into account. In a macroclassifier population, the sum of the numerosities,
N, equals the number of underlying microclassifiers and is a constant. N is the
number that in traditional systems denotes the population size.

A population of macroclassifiers consists entirely of structurally unique in-
dividuals. As such it permits a much better view of the system’s “knowledge”
than does a traditional population. Classifiers with high numerosity tend to be
those with maximal accurate generalizations, so the most significant knowledge
can be determined readily by sorting the population by numerosity [7]. Furt-
hermore, the size of the population in macroclassifiers measures the system’s
ability to detect and represent the regularities in £. The macroclassifier idea is
in fact what permits realization of the improvement in space complexity that
XCS achieves through generalization. A traditional population would maintain
size N regardless of the generalizations within it.

Kovacs [6] compared the behavior of XCS with and without macroclassifiers
on the 6-multiplexer problem. He found no significant difference in performance.
A slight improvement in system prediction error using macroclassifiers was ex-
plainable since when a new classifier already exists it is not introduced into the
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population, so its arbitrary initial parameters can’t affect system predictions.
It therefore appears that the macroclassifier technique is valid and uniformly
beneficial.

Whenever XCS generates a new classifier, either through the GA or covering,
a classifier is effectively deleted in order to maintain the microclassifier popula-
tion size at N. Selecting a classifier for deletion is done as though the popula-
tion consists of microclassifiers. The actual “deletion” is carried out by simply
decrementing some classifier’s numerosity by one; if the classifier’s numerosity is
exactly one, it is removed from the population.

Kovacs [§] studied techniques for making the deletion selection and introdu-
ced a new one that is superior. Previously [30], two techniques had been used.
Each classifier kept an estimate of the number of classifiers in the action sets it
occurred in. In the first technique, the probability of deletion was proportional
to the estimate. In the second technique, it was proportional to the estimate but
multiplied by an integer greater than one if the classifier’s fitness was below the
population average fitness by a certain factor. Use of the action set size estimate
tends to maintain action sets at about the same size, thus equally distributing
system resources (classifiers). The integer multiplier in the second technique was
designed to penalize very low fitness classifiers and eliminate them rapidly.

The second technique worked better than the first in that it resulted in smal-
ler population sizes. But it often deleted newly generated classifiers before they
had a chance to gain fitness. Kovacs’s new technique resolved this by combining
the two previous ones. Each classifier was given an additional parameter keeping
track of the number of times it had been a member of an action set. In the Ko-
vacs technique, if that number was less than, e.g., 20, the probability of deletion
was as in the first old technique. If the number was equal to or greater than 20,
the second old technique was used. The new technique exhibited the advantages
of the earlier two without their disadvantages.

8 Conclusions

We have reviewed the current state of XCS classifier system research, identifying
the main accomplishments and suggesting future directions. A notation for the
environment’s predictive and categorical regularities was introduced to aid the
discussion.

Promising areas for further research include: (1) extending condition syn-
tax so as to accept input vectors with continuous, ordinal, nominal, and mixed
components, and to enable representation of a greater range of environmental
regularities; (2) continued exploration of the full representational generality of
s-classifiers; (3) experimentation with XCS systems that predict the next state,
so as to develop more complete models of the environment; (4) continued work
on internal state to determine the scope of the register method and its potential
for supporting hierarchical behavior; (5) further research on filtering noise of all
types, with applicability to learning from real data sets; (6) continued basic work
on accurate generalization, aimed at understanding all relevant phenomena; (7)
development of a schema theory for XCS’s genetic search process; (8) explora-
tion of RL techniques other than Q-learning in XCS; (9) further investigation of



80 S.W. Wilson

XCS’s learning complexity experimentally and theoretically; and (10) continued
examination of the basic XCS component algorithms in search of improvements.

Important areas not discussed because next to nothing is presently known
include: (1) use of continuous actions, e.g., turn exactly 34 degrees; and (2) basing
XCS on continuous time, instead of discrete time-steps. Existing RL work in both
of these areas could be brought to bear. In addition, it is important to elucidate
the relationship between XCS and traditional classifier systems [9].

XCS is a new kind of classifier system showing significant promise as a rein-
forcement learner and accurate generalizer. Its full potential is just beginning to
be explored.
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Abstract. We present a class of Learning Classifier Systems that learn
fuzzy rule-based models, instead of interval-based or Boolean models. We
discuss some motivations to consider Learning Fuzzy Classifier Systems
(LFCS) as a promising approach to learn mappings from real-valued
input to real-valued output, basing on data interpretation implemented
by fuzzy sets. We describe some of the approaches explicitly or implicitly
referring to this research area, presented in literature since the beginning
of the last decade. We also show how the general LFCS model can be
considered as a framework for a wide range of systems, each implemen-
ting in a different way the modules composing the basic architecture.
We also mention some of the applications of LFCS presented in litera-
ture, which show the potentialities of this type of systems. Finally, we
introduce a general methodology to extend reinforcement distribution
algorithms usually not designed to learn fuzzy models. This opens new
application possibilities.

1 Introduction

Learning Classifier Systems learn rules whose clauses are strings of bits. Each
bit may represent a Boolean value for the corresponding variable [111 [72]; al-
ternatively, groups of bits may denote intervals for the variable [I8]. A genetic
algorithm operates on these strings of bits evolving the best solution.

Since the beginning of the last decade [7(], [40)], an alternative model has
been considered for rules learned by similar algorithms, opening a new research
track about Learning Fuzzy Classifier Systems (LFCS). The main idea is to
consider the symbols in the rule clauses as labels associated to fuzzy sets. It
is thus possible to learn fuzzy rules that implement a mapping from input to
output where these are represented by real-valued variables. In the next section
we will provide a background about fuzzy sets and fuzzy rules, introducing also
the main motivations supporting the adoption of fuzzy models. In section [3], we
introduce the general architecture of a LFCS, pointing out the similarities with
the standard LCS. We mention in section @ some of the proposals in this field
presented in the last years either under the label “LFCS” [70] 2], or under related

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS’99, LNAT 1813, pp. 83-[[04], 2000.
© Springer-Verlag Berlin Heidelberg 2000



84 A. Bonarini

Close Medium Far

0 600 900 1350 1650 Distance [mm]

Fig. 1. Some membership functions defining fuzzy sets on the distance dimension

labels such as “genetic learning of fuzzy rules” [49], “fuzzy Q-learning” [1l, 22| [3],
and others. We consider a set of features characterizing these systems, and we
show some of their most interesting aspects. Then, in section [, we focus on
one of these aspects and we introduce a general methodology [6] to extend the
reinforcement distribution algorithms designed for crisp models [35], such that
they can be adopted also in some classes of LFCS. This provides a wide number
of possible learning algorithms, most of which have to be fully explored, yet;
each of them potentially matches different application needs.

2 Fuzzy Sets and Fuzzy Rules

The theory of fuzzy sets has been introduced in 1965 by Lotfi Zadeh [73] as an
extension of the standard set theory, which defines the so called crisp sets. Crisp
sets are characterized by a Boolean membership function: an element Z of the
universe of discourse X (say, an interval of real numbers) is either a member of
the set or it is not. Fuzzy sets are characterized by a continuous membership
function p;(2z) which maps T to a “membership degree” taking values in the
interval [0, 1]. For instance, in figure [Il you may see membership functions for
some fuzzy sets. Each of them maps elements having a certain distance d (in
millimeters) to the corresponding degree of membership to a fuzzy set. Let us
consider the fuzzy set “close”. In the example reported in figure, an element
Z of the universe of discourse (in our case the distances) belongs to the fuzzy
set close to the extent ppose(Z). For instance, for the fuzzy set depicted in
figure [ prerose(690) = 0.7. Giving a semantic value to the label associated to
the fuzzy set, we can say that the value £ = 690 can be classified as close
with membership degree 0.7. Although fuzzy sets can be used in many types of
domain, in this paper we focus on a real-valued domains, which are interesting
for many applications.

Fuzzy sets have been introduced to represent all those classes that people
does not consider crisp: in this concern, they are an important tool to represent
conceptual models which match the expert’s and designer’s needs. However,
there are many other motivations to consider fuzzy models.
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Fig. 2. Some membership functions defining crisp sets on the distance dimension

Their nature makes it possible to define partially overlapping classes, as in
figure [ thus making it possible a gradual classification of elements in the uni-
verse of discourse. For instance, a distance of 690 mm is classified as close with
a membership degree ficjose(690) = 0.7, and, at the same time, as medium with
a membership degree fmedium (690) = 0.3. A close distance, say @ = 691 can be
classified in a very similar way. This has an impact on the quality of a fuzzy
model. For instance, if the real values to be classified are measured values, affec-
ted by noise, the fuzzy model shows a graceful degradation with the increasing
noise. By contrast, a model based on crisp sets (intervals) shows abrupt changes
when the real value falls in the close interval, due to noise. In figure 2] you may
see how a value = 749 is classified in a completely different way than the close
value & = 751. The same considerations also hold for possible small errors in
modeling. A fuzzy set model is known to be robust with respect to modeling
imprecision and input noise [46]. Imperfect learning and adaptation may affect
the quality of the resulting model, and the intrinsic robustness of a fuzzy model
plays an important role to smooth this effect.

Another important feature of the fuzzy set definition is that it gives the
possibility to define models where each real value is related to one or more classes
with a specific degree of membership for each of them. This can be considered
an alternative representation for a real value, which contains information that
can be used to reason at a higher level of abstraction (sets instead of numbers).
At the same time the quantity of information brought by the real value can be
maintained in the fuzzy representation, by the set of membership degrees. If we
want to maintain the precision of the real values, we can with fuzzy models, and
we cannot with interval models. Moreover, fuzzy models give us the possibility to
decide to loose precision, when we want to do that to implement modeling needs.
For instance, in figure[T], all the values Z between 0 and 600 are considered the
same by the fuzzy model, since they all match the fuzzy set close with the same
degree ficiose(ZT) = 1. In this case, the designer of the system has decided that
all those values are mapped to a unique configuration in the fuzzy model. For
instance, this make it possible to associate the same action of all these values,
in case we are implementing a controller whose input variable is this distance.
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Being an alternative representation of real values, fuzzy sets can be used
to implement mappings between real values, with an information quality simi-
lar to that of real-valued mathematical functions. The main difference is that
conceptual aspects are explicitly represented in fuzzy models, whereas they are
embedded in mathematical functions. Moreover, this gives to a learning system
the possibility to operate on a small number of symbols, the labels associated to
the fuzzy sets, while trying to learn real-valued mappings.

Often, fuzzy models are implemented by fuzzy rules analogous to:

IF (FrontDistance IS Low) AND
(LeftDistance is High) AND
(RightDistance is Don_T_Care)

THEN (TurnDirection IS Left)

This rule implements a mapping from the input of the controller of an autono-
mous agent to the control action. The rule implements a simple strategy such
as: if there is something in front of the agent, and there is a free way on the
left, whatever there is on the right, turn left. A don’t care symbol may replace
any of the labels denoting fuzzy sets, meaning that the value of the correspon-
ding variable is not relevant, that is any real value matches the antecedent. We
may define many rules, whose antecedents are defined by fuzzy sets, and may
partially overlap. Usually, this is a desired property, since it guarantees graceful
degradation and robustness [46].

Rules are local models, each covering a fuzzy subset of the input. The overall
mapping comes from the interaction among the rules that match a state. Each
rule has a matching degree computed as a T-norm [L9] (for instance, the mi-
némum) among the matching degrees of the antecedent clauses. The matching
degree is considered a weight for the rule: as much the rule matches the state,
as much its proposed output has to be considered relevant. Rules proposing the
same fuzzy set as output, should aggregate the corresponding weight by a T-
conorm [19](for instance, the maximum). At the end it is possible to compute
real values for the output variables, by defuzzyfying the composition of the pairs
< I, (%) > for each fuzzy output. This is done by adopting one of the many
defuzzyfication methods available, among which the Center Of Gravity (COG)
method is probably the most common. This considers each fuzzy set as an area
cut at the level given by the corresponding weight, and computes the weighted
average among the so obtained areas.

Finally, a fuzzy model consists of relationships among symbols related to
data interpretation. This is a compact way to represent local models (one model
for each fuzzy rule) and their interaction. Learning this type of models may
be effective, since learning algorithms may focus on local, very simple models;
therefore, the search space is usually relatively small, and the interaction between
close models is ruled by the above mentioned, traditional fuzzy operators. The
interaction among local models, due to the intersection of neighbor fuzzy sets
guarantees that local learning reflects on global performance [4].
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3 Comparing LCS and LFCS

A generic architecture for a LCS is shown in figure Bl We will show that it is
general enough to be adopted also for LFCS, discussing where the fuzzy model
impacts on the architecture. This is also the architecture of the system we have
implemented to study both LCS and LFCS [9] [10].
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Fig. 3. The generic architecture of a LCS

3.1 Matching

Signals coming from the environment through the Input Interface, and messages
present in the internal Message List are matched against the rules. We assume,
as the most general case, that the input values are real numbers. The matching
activity depends on the classifier model: if it is based on intervals (or on Boo-
lean variables), real numbers are classified accordingly and the matching rules
inserted in the match set. If the classifier model is based on fuzzy sets, also the
matching degree is computed, and associated to the classifiers in the match set.

3.2 Rule Activation

The rule activation module has to select the rule(s) that will produce the output.
Usually, in standard LCS, only one rule is selected, whereas in LFCS all the rules
matching with a degree greater than a given threshold (which may also be 0) are
triggered and the action is computed by a fuzzy combination of the output of
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the single rules; this is equivalent to an aggregation of the fuzzy output values,
followed by a defuzzyfication, often implemented as an integral of the proposed
output fuzzy values, weighted by the corresponding matching degrees.

3.3 Reinforcement Distribution

Reinforcement has to be distributed according to a reinforcement distribution
algorithm. We discuss in detail in section [§ the wide range of possibilities we
have. In general, reinforcement distribution algorithms for fuzzy rules may con-
sider to distribute reinforcement proportionally to the degree of matching of the
rules that have contributed to the action(s) that bring the system to receive
reinforcement.

3.4 Genetic Algorithm

The population update is done by a genetic algorithm which may apply many
operators in addition to the standard mutation and crossover, such as creep
mutation [61], cover detector [72], and many others [27]. In general, the most
appropriate operators are selected by considering the different solution models
to be learned, as we will see in the next section.

4 Features and Approaches

In this section, we introduce some of the features along which it is possible to
classify LFCS proposals presented in literature. We discuss the problems related
to each of them, and we put in evidence how these have been tackled.

4.1 Solution Models

The population members on which the genetic algorithm operates may repre-
sent different aspects, all leading to the definition of a rule base. In general,
with a fuzzy model we have to define: the number, the shape, the position and
the extension of the membership functions, both for the input and the output
variables, the number of the fuzzy rules and their shape, stating the relationship
between input and output. The proposals presented in literature focus on one
or the other, or also on many aspects at the same time, in relationship with the
application faced and the personal attitudes of the researchers. It is impossible
to state which representation is better, but we can make general considerations
about the dimension of the search space, and the number of trials needed to ex-
plore it in a suitable way. In general, models representing more aspects imply a
larger search space and can be applied only in simple, or simplified, applications.
In complex application, it is possible to focus the learning activity only on the
most relevant aspects, fixing a priori some of the many parameters involved.
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Rule Bases and Single Rules A large part of the LFCS proposals is based on
the explicit representation of rules. As with standard LCS, there are two main
tracks: either a chromosome represents a whole rule base [69} [13] 58] [14] 33], as
in the Pittsburgh approach [64], or it represents a single rule [70, 611 2] [5], [0} [44],
as in the Michigan approach [31]. In the first case, the system is optimized in
its globality, but each chromosome has to be evaluated during a long trial, thus
requiring a large amount of computational effort. Moreover, it is possible that
genetic activity destroys local equilibria also not related to the portion of the
search space explored at a given time; this is even more critical in LFCS, since
all the rules are interrelated by the partial overlapping of the membership fun-
ctions defining their input clauses. Following the Michigan approach, each rule
is evaluated only when it actually contributes to obtain reinforcement. Genetic
operators modify single rules, thus performing local updating. The overall opti-
mization comes from the fact that the rules strongly interact with each other.
In LCS, the interaction between rules is only indirect and depends on the state
reached by the system after the activation of a rule. In LFCS there is another
mechanism, due to the coordinated activation of rules whose input membership
function partially overlap. This implies that each action comes from the coo-
peration among rules, that in another situation may cooperate with different
relative weights, or even with different rules. The best rule to cover a portion
of the input space is thus a rule which cooperates with the rules that trigger in
the same sub-space to produce the best action [4]. This is a problem different
from that faced by LCS. Local learning of fuzzy models, such as comes with the
Michigan approach, is suitable for a robust and effective overall optimization.
The value of each rule comes not only from its suitability to accomplish the task,
but also from its cooperation with neighbor, cooperating rules. A local approach
may explore efficiently the combination between different close rules.

The Nagoya approach [21] tries to consider the advantages of both the Pitts-
burgh and the Michigan approaches: the whole rule base is coded in one chro-
mosome, but the genetic operations and evaluation is done locally only on the
rules activated at a given step.

Proposals explicitly learning the mapping between fuzzy input and output
often reduce the search space by considering the membership function as given
a priori [4, 5], [8, [70, (28, 24], and thus implementing a sort of structural learning
on the shape of the rules. This is similar to what happens in LCS, and can
be accepted when the partition of the input space can be obtained by experts,
or by other optimization procedures. Other proposals learn membership func-
tions and rules in two steps [45], 43], possibly cyclically activated in subsequent
refinements [62]. Finally, there are some systems trying to optimize rules and
membership functions at the same time [49] 47| [13| [54] [68], [I7]. These approa-
ches are usually feasible only for small application models due to the dimension
of the search space.

Membership Functions An indirect way to represent a rule base is to define
the set of the possible input values (in our case, membership functions), and
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then consider that the rule base consists of all the rules having the evolved input
values [57] and appropriate output, maybe learnt with other methods. This leads
to the generation of complete rule bases, each considering all the combinations
of all the input values. This may be a problem in large applications, where we
would also like to identify a small number of effective rules among all the possible,
which may be a large number. In other applications most of the possible input
combination never occur in the environment, and their insertion in a rule base
brings only a computational burden.

Some LFCS proposals focus on the optimization of membership functions,
then considering a complete rule base generated from them. In general, the
number, the position of the MF centers, and their coverage are learned. The
last two values may be considered as real numbers [60, 43], and thus optimized
by appropriate GAs, considering, for instance, special operators such as creep
mutation. One of the problems with such an approach concerns the constraint
we may like to impose on the MF definition: for instance, it is desirable that
any point in the real variable range be covered by at least one MF (two would
guarantee robustness), and it is rare that an application requires MF's completely
including other MFs. These constraints have to extend the genetic operators in
order to guarantee correct solutions [60, [68]. Another possible approach, that
avoids the management of such constraints, consist of considering the MFs as
following pre-defined patterns designed to satisfy the constraints; for instance,
neighbor MF's should always cross at membership degree 0.5, the highest point
of a MF being the lowest of the left and right neighbors. Then it is possible
to represent the pattern configuration by binary strings to be optimized. For
instance, [57] adopt such a schema to learn the controller of a mobile robot
that has to avoid moving obstacles. A third approach considers pre-defined,
alternative sets of membership functions (for instance, differing by the number
of fuzzy sets defined for each variable, or by their shapes) [34]; this reduces the
computational burden, but requires a priori knowledge to define the MF sets,
or acceptance of a comparably low accuracy, due to partitioning introduced a
priori and not learned.

The LFCS proposals working on MFs follow two approaches mutuated by
fuzzy modeling: they either consider the same set of membership functions for all
the rules in the rule base, as common in fuzzy control [55], or a set of membership
functions different for each rule, as common in fuzzy model identification [67].
The first approach [36, 49, 48 60, 4] is less computationally complex, but
produces a set of membership functions optimized with the constraint of being
the best set for all the rules. The second approach [53, [T6] T3] requires much
more computing time, but produces optimal results for each rule. This approach
is only viable when the model is simple (few rules and few variables), and it
is appropriate when a high level of precision is required, such as, for instance,
in prediction or fine control applications. In some cases, adopting particular
strategies suggested by the application domain (such as sliding mode approach
for control [16], [15]), may help to reduce the search space.
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Unusual Models A way of reducing the length of the model to be learned
consists of representing only the aspects which are discovered to be relevant for
the application. This may be done by adopting a messy representation [25]. On
this line, Hoffmann et al. [29] 28] [27] represent sets of rules by a messy schema,
including unordered pairs of name of variable and name of label for each rule.
It is thus possible to define rules covering sparsely a wide range of variables and
labels. The authors introduce ad hoc genetic operators, and succeed in developing
a fuzzy controller for a real, mobile robot.

Another interesting coding approach has been taken by Leitch and Probert
53,51, [52), [50] who represent a fuzzy rule base, including the membership func-
tions for each rule, by a variable-length string; each semantically different section
(a membership function, antecedents and consequents) is represented by bits,
and is separated from the others by a symbol different from binary values. This
gives the possibility to represent a variable number of elements of the rule base
at different precision degrees. A parser interprets this fairly free evolving string
as a rule base and makes it possible the generation of output from real-valued
input.

4.2 Reinforcement Function

As it is common in reinforcement learning, the reinforcement function is selected
following the designer’s mood, without any theoretical considerations. Thus, we
can see very simple reinforcement functions, such as providing reinforcement
when an autonomous robot is not close to any object, in an obstacle avoidance
task [7], or giving a reinforcement proportional to the distance from the corridor
walls, in a robot navigation task [10]. On the other side we may find reinforcement
functions that represent so much of the problem solution to make it difficult to
justify the learning activity [58) [(9].

The reinforcement function also reflects the theoretical background of the
designer and the kind of application. Thus, people from Control Theory or from
Identification Theory often propose reinforcement functions based on some error
evaluation, which provide reinforcement at each evaluation step, people from
Classification Theory proposes Boolean reinforcement functions to be applied at
each classification, people from Artificial Life tend to propose high-level, general
reinforcement functions, often producing delayed reinforcement.

4.3 Reinforcement Distribution

The most popular reinforcement distribution algorithm in the first LFCS pro-
posals [70] was bucket brigade [30], probably due to the influence of the first
seminal papers about LCS [IT} [12]. In the last years, there have been many pro-
posals [22],[24], 23] [T} B] to consider Q-learning [71] as a valid alternative. Recently,
the author has established a research line on the adaptation of reinforcement dis-
tribution algorithms to the case of LFCS [6] [7], which gives the possibility to
modify the algorithms proposed in the reinforcement learning area (such as the
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two above mentioned, but also TD(A) [65], and its modifications [63] and hybri-
dizations [35], [66]) to match the needs of learning fuzzy models. We discuss in
detail some aspects of this proposal in section

4.4 Messages

The original LCS proposal considered the output of the classifiers as messages to
be sent either to the environment (thus implementing actions) or to an internal
storage structure (the message list) which had the role of maintaining a sort
of state memory. In turn, the classifier input was matched against messages
coming from the environment (sensors) and from the message list. The first
LFCS proposal [70] has considered messages in an anlogous way. Furuhashi et
al. [20Jnoticed that message passing involving fuzzy sets may lead to excessive
value approximation, thus suggesting to defuzzyfy the output messages, and to
put the so-obtained values in the message list to be fuzzyfied again when matched
by the input set. Most of the others implement reactive input/output models. In
principle, messages are a powerful tool to implement dynamical systems, giving
the possibility to maintain a kind of internal memory. However, they also increase
the learning complexity, and in most of the faced applications a dynamical model
is not needed.

4.5 Applications

In this section we mention some of the applications faced by LFCS. Most of
them are benchmarks, widely recognized in the respective reference communi-
ties, others are real applications, where LFCS have shown their power. In most
cases the dimension of the search space is relatively small (two-three input va-
riables, with three to five membership functions each). This is also due to the
abstraction possibilities provided by fuzzy modeling: a fuzzy model can maintain
its effectiveness also when it describes the world at a very high level of abstrac-
tion, since the label used to denote high-level concepts are always grounded on
numerical data, by means of the membership functions.

Control Control is one of the most successful application fields for the fuzzy
technology. The most popular benchmark in this field is the inverted pendulum
control, or cart-pole. The controller has to bring a cart, on which is mounted a
rotating pole, to an equilibrium state, with the pole vertical, and, in some cases,
the cart in a given position. The basic problem consists of four input variables
(position and speed of both the cart and the pole, in a 2-D representation) and
one output (the force to be applied to the cart). The problem is non-linear,
thus providing a justification for fuzzy control, and it is complex enough to
justify learning. Among the many proposals facing this problem, we mention
[37, 69] 49, 48] [17].

Another popular problem is the control of a mobile robot to achieve simple
tasks such as navigation [10] [8] [29, 28] [27, 53], 21], obstacle avoidance [57][56],



An Introduction to Learning Fuzzy Classifier Systems 93

or target tracking [5, 14l B3]. In these cases the input variables may corre-
spond to a representation of the sensor data (e.g., distances in six directions
and contact [10]), or to a high level representation such as the robot position in
a cartesian plane [21] 56].

Other specific problems successfully faced are: the docking control for spaces-
hips [40} 59] and for mobile robots equipped with arms [58], control of underwater
vehicle [16], control of a robot arm [62], plant control [38], [39] [41], [42], [68].

Data Classification Another wide class of LFCS applications is data classifica-
tion. Here, real or symbolic input values have to be classified as belonging to one
or more classes. The interest in fuzzy models comes here both from robustness
to noisy input and to the possibility to provide not only the reference to a class
corresponding to the input, but also a degree of membership to it. Also in this
field there is a well known set of benchmarks, some of which have been faced by
LFCS [34]. Some other specific applications concern: cancer diagnosis [43]

Prediction and Identification Prediction concerns building a model of a
system whose past behavior is known in terms of historical series, such that it
is possible to predict future behaviors of the system. Prediction may concern
natural systems, such as the whether in a given region, as well as artificial,
complex systems such as the financial system [44] or non-linear plants [54] [32].
Identification consists of identify a relationship from input to output that fits
given data. Again, fuzzy systems are suitable to face these classes of problems for
their robustness, and for the possibility to provide a real-valued output coming
from reasoning on grounded symbols. Some of the proposals in this field consider
different MF's for each rule [13,[32], which provide, in general a better fitting with
the data. When MFs are considered to be the same for all the rules [70] 61, [62]
the fitting may show undesired regularities, such as a staircase effect when trying
to match a parabola.

5 Reinforcement Distribution Algorithms

In this section, we focus on algorithms whose role is to distribute the reinforce-
ment, obtained by the learning system from the environment, to the rules that
have been used to achieve the current state.

Many reinforcement distribution algorithms have been proposed over the
years: Q-Learning [TT], TD(\) [65] and its various extensions [63, [35] [66], Bucket
Brigade [12], and the reinforcement distribution algorithm of XCS [72]. All of
them are used to learn discrete models, where input and output are Boolean
variables or intervals. We have already discussed the limitations of these models
in real world applications, and the motivations to learn fuzzy models, instead.
The impact of fuzzy modeling on the reinforcement learning process is discussed
in this section together with an approach to modify the mentioned algorithms in
order to effectively apply them on fuzzy models. Here we focus the presentation
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on a model where fuzzy rules are chromosomes in a population (the Michigan
approach) and MFs are pre-defined. Most of the general considerations done in
this section apply also to other models.

5.1 Fuzzy Input Classification

In discrete models, the real-valued input is classified as belonging to an interval,
independently from its position in the interval. A fuzzy classification, instead,
associates to the label corresponding to the fuzzy set matching the real-valued
input also the corresponding membership value. This makes it possible to quan-
tify the degree of matching of the rule, and, thus to compute its relevance in the
current situation. In standard fuzzy inference, this also influences the strength of
the output proposed by the rule, and, as a consequence, its contribution to the
action that will receive the reinforcement. Therefore, it makes sense to distribute
the reinforcement proportionally to the degree of matching of the rule, which
reflects on its contribution to the output. This is the first modification to the
standard reinforcement distribution algorithms that we consider.

5.2 Overlapping Fuzzy Sets

Since fuzzy sets classifying the input are usually designed on purpose to overlap
in pairs, each real-valued state is matched in general by more than one fuzzy rule
with different antecedents. This is not true for the interval-based rules, since the
intervals are usually disjoint and all the rules matching the current state have
the same antecedents. In this discussion we do not consider “don’t care” sym-
bols, which may be present in both interval and fuzzy antecedents, for sake of
clarity. This does not affect the considerations we are making. Fuzzy rules having
different antecedents should cooperate to produce the best output. Therefore,
whereas only one of the interval-based rules is selected to be triggered, we have
to select one fuzzy rule from each subpopulation corresponding to each antece-
dent configuration. This also means that reinforcement should be distributed to
more than one rule. If the common mid-crossing configuration of the members-
hip functions is implemented, and reinforcement is distributed proportionally
to the degree of matching of the antecedents, the distribution is automatically
normalized, and this is also a desirable property.

5.3 Composition of Fuzzy Output

Due to the composition of fuzzy output and its defuzzyfication, the output of
the fuzzy system is in principle real-valued. Actually, it is fine grained, since
membership values, as any real value in computing, are represented with some
finite precision, but we can consider them as real-valued. The output of the
interval-based system is coarse-grained, consisting in a number usually quite
small of different, possible values. This does not affect only the performance of
the system (a fuzzy system shows usually a smoother behavior), but also the
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learning mechanism, since the difference between the output of the fuzzy system
in close time points is usually small, and this may reflect on small differences
in reinforcement. This is not always desired, since it makes more difficult to
distinguish among rules proposing different output values, since these are in
some way averaged with the values proposed by the other, triggering, fuzzy
rules. A detailed discussion about this problem is included in another article [9].

5.4 Fuzzy and Crisp Classifier Systems

In this section we consider a simplified type of LCSs [6]. Each classifier is a
rule with antecedents and consequents. Each antecedent corresponds to a value
for a linguistic variable associated to a real-valued variable. In crisp LCS we
consider that each value is one of the symbols representing intervals of values
of the real-valued variable. Note that this representation includes the Boolean
representation, where the intervals are only two, corresponding to true and false.
In FLCS each value is a symbol representing a fuzzy subset [46] of the set of the
values the real-valued variable can take. A don’t care symbol may replace any
of the mentioned symbols, meaning that the value of the corresponding variable
is not relevant, that is any real value matches the antecedent. The consequents
are symbols corresponding to crisp values for each of the consequent variable. A
classifier of this kind as a conceptual shape like the one presented in section Bl.

We call the set of real values, one for each variable, in input to the learning
system a real-valued state. At each control step, one crisp classifier is selected
among the ones matching the current real-valued state, and its consequents are
considered as the output of the system.

We call the set of fuzzy sets, one for each variable, matching a real-valued
state, a fuzzy state. When operating with FLCSs, the current state matches dif-
ferent fuzzy states, i.e., different fuzzy classifiers. We consider subpopulations
of classifiers having the same antecedent (eventually including don’t cares) and
different consequents. At each control step, we select one classifier for each mat-
ching subpopulation (i.e., one for each fuzzy state), we combine the proposed
output values by a fuzzy aggregation operator [46], and we output the real value
thus obtained.

In this section we focus on some reinforcement distribution algorithms that
we have implemented as modules of our system to be applied to learn the rule-
based models described in the last section. We firstly introduce the ones used
with crisp models, then presenting a methodology to extend them to fuzzy mo-
dels by considering their intrinsic nature. We associate to each classifier many
parameters, among which we mention here only strength, and accuracy.

5.5 Algorithms for Crisp Classifiers

Here, we consider only the three algorithms, among the eleven we have imple-
mented, which show the most characteristic features.
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Crisp Q-Learning At time t the system is in the real-valued state s;, after
having executed action a;—; from a state s;_; matched by the interval-valued
antecedent §;_1, and receives the reinforcement r;. The Q-value given to the pair
(8¢—1,a¢—1) is updated by:

Q1(81-1, a0-1) = Q1 (8t—1, ar—1) + o (1 + ymaze (Qr (51, a)) — Qr(81—1, ar—1))

with the learning rate 0 < o < 1 and the discount factor 0 < v < 1. The strength
of the classifier ¢;_; selected by the exploration policy at time ¢ is Q (841, a1—1)-
The accuracy of the classifier ¢;_; is updated by the formula:

Ei(¢i—1) = Er—q(ci—1) 4w (|re+y mazq (Qu(81-1,a)) = Q¢ (81—1, ar—1)|—Er—1(ct—1))

with the learning rate 0 < w < 1.

Crisp TD(X) At time ¢ the reinforcement distribution algorithm performs these
steps.
1. Receive the eventual reinforcement r;_; due to the action a;_; selected by
the policy in state s;_1.
2. Compute the estimation error of the evaluation function V(-) in s;_1, equi-
valent to the immediate prediction error AE of the corresponding classifier ¢;_1
by:

AE(ci—1) = e+ Vi(st) = Vi—1(st-1)
with the discount factor 0 <y < 1.
3. For any state §:
3.1. Update the eligibility e($) by the formula:

et(g) _ { 1 Zf§ = §t71

yAer—1(8) otherwise

with 0 < A< 1.
3.2. If the eligibility of the state § is greater than a threshold value € (with
0 < e < 1), update the value function V(-) for any § according to:

Vi(8) = Vi1 (8)aAE(ci—1)et(8)

with 0 < o < 1.
4. Update the value of the policy for the pair (§;_1, a;—1), that is the strength
w of the classifier ¢;_1, by the formula:

wi(ci—1) = we—1(ct—1) + B(AE(ci—1))

with 8 > 0.
5. Update the accuracy of the classifier ¢;_; by:

Ei(ci—1) = Er—1(ci—1) +w (JAE(ct—1)| — Er—1(ct—1))

with 0 < w < 1.
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Crisp Bucket Brigade At time t the reinforcement distribution algorithm
follows these steps.

1. Receive the eventual reinforcement r;_; due to the action a;_1 selected by
the policy in state s;_1 and the new action a; selected by the policy to be done
in the current state s;.

2. Update the strength of the classifier ¢;_; belonging to the action set of the
previous step A;_1, by the formula:

wy(ce—1) = we—1(ce—1) + e + % Z Bwe(ct)

ci—1€AL

where the bid coefficient 0 < 3 < 1, and n is the number of classifiers in A;_1.
3. Update the accuracy of each classifier ¢;_1 in A;_1 by:

Ei(ci—1) = Er_i(ce—1) + w (|we(ce—1) — wi—1(ci—1)| — Er—1(ci—1))

with 0 < w < 1.
4. Reduce the strength of any classifier ¢; in A, by the formula:

wt(Ct) =1- /Bwt(ct)

5.6 Algorithms for Fuzzy Classifiers

We have extended the above presented algorithms to learn fuzzy models, follo-
wing the considerations discussed here below.

A real-valued state is a set of real values for the input variables. We say that
a real-valued state s matches a fuzzy state 5 to some extent jzi(s), when each
real value s* belonging to s belongs to the corresponding fuzzy set belonging to
5, and pz:(s) comes from the conjunction of the values pzi(s¥), computed by
the selected conjunction operator. Such operators belong to the class known as
T-norms [A6], among which the most common are min and product.

A crisp state usually matches more than one fuzzy state, while in standard
LCS, it matches the set of intervals that define only one interval state. Let us
consider subpopulations of classifiers for each fuzzy (or interval) state. In crisp
LCS, classifiers belonging to the only subpopulation that matches the current
state put actions in the action set, whereas in fuzzy LCS, we have many sub-
populations matching the same crisp state, each proposing an action with some
strength, proportional to the degree of matching of the classifier selected within
the subpopulation. The strength values of the proposed actions are composed by
an aggregation operator, usually implemented by a T-conorm (such as max), and
then defuzzyfied by one of the many methods available [46]. Whatever T-norm,
T-conorm, and defuzzyfication method is selected, the resulting action proposed
by the set of selected fuzzy classifiers @ is a function of the actions a’ proposed
by the matching classifiers and of their degrees of matching pz:.

Since all the matching classifiers contribute to the performance of a LFCS,
the reinforcement should be distributed to all of them, proportionally to their
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contribution. Therefore, the first step to extend the reinforcement distribution
algorithms consists of considering uz: as a weight for the contribution of each
classifier. If we want to make this weight adapting to the learning process evo-
lution, we may introduce a factor (let us call it £.:) that considers also that the
contribution is relevant proportionally to the sum of the past contributions given
by that classifier to the performance of the system. For each step, this factor is
equal to the current contribution of the classifier (its degree of matching), weigh-
ted by the sum of the contribution given till now, saturated to a given threshold
T. This enhances the learning rate of classifiers that do not have participated
too much to the output, yet.

psi(5¢)
min (T» Zk:l,t Hsi (Sk))

§oi =

The other important point concerns the evaluation of the best value in a given
state, used in the Q — learning and T D(A) formulas. In this case, we cannot
just take the value corresponding to the best value in the given state, since
this state matches many fuzzy states, each contributing with different actions.
We present our proposal for Q-learning, leaving to the reader the analogous
passages for TD(X). Let us consider Q*(c}?), the highest values of the classifiers
" belonging to each subpopulation corresponding to the matching fuzzy states
5t at time t.

Q*(ci") = maz;(Q(c]")

Let us call my(s) the sum of the Q*(c;?), each weighted by %, (s), the degree of
matching between the corresponding classifier and the current, real-valued state
s. This means that we consider as the reference best value in the current state,
the combination of the best classifiers that can trigger in this state, one for each
matching subpopulation. The corresponding formula is:

m(s) = Z Mzk(S)Q*(CZk)

k=1,K

Fuzzy Q-Learning At time ¢ the system is in the state s, after having executed
action a;_; from a state s;_; matched by the fuzzy antecedent §;_; , and receives
the reinforcement r;. The Q-value given to the classifiers ¢i_; selected by the
policy for each pair (3¢ ;,a’_,) is updated by the formula:

Qu(ci-1) = Qu-r(ci_1) + b (re+yme—i(si—1) = Qulci_1))
The accuracy of the classifier ¢i_; is updated by the formula:

By(ciy) = Beoa(ciy) v wa | (Ire +ym—i(si-1) — Qu(ci_y)| — Eima(ci_y))
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Fuzzy TD(A) The extension of the TD(\) algorithm presented for crisp LCS
is straightforward, given the considerations done at the beginning of this section.
We do not present again all the steps, but only the key formulas.

The eligibility trace of the fuzzy state § is updated by the formula:

i\ Ns’( ) if gt_gt 1
er(s') = {7)\[@( Yei_1(5%) otherwise

The strength of the classifier ¢;_1, is updated by the formula:

wy(cj_y) = we-1(cj_1) + B8 (re+ Zﬂsz s)V(8") — Vie1(81-1))

The accuracy of the classifier ¢i_; is updated by:

Ey(ci_1) = Era(cj_y) +wéai | Zusz s)V(3') = Vica(8i-1)| = Eia(cj_y))

Fuzzy Bucket Brigade At time t the reinforcement distribution algorithm
executes these steps.

1. Receive the eventual reinforcement r;_; due to the action a;_1 selected by
the policy in state s;_1 and the new action a; selected by the policy to be done
in the current state s;.

2. Compute the bid basing on the action sets of each subpopulation:

Bid; = Z Bpsi (s)wq(ct)

Vi Vct GA'f

3. Vi,Vci € Al reduce the strength of ci, by a quantity equal to its contribution
to the bid: ‘ ‘

wi(cp) = wi—1(cy) + (1 — Bwepsi(s))
4. Distribute the bid to the classifiers belonging to the action set of the previous
step Vi, Vei_, € AL,

wilel ) =wii(cl_y) + & (Bidy +1v)
5. Update the accuracy of any classifier ¢;_1 in A;_1 by:

By(ciy) = Era(ciy) +wée | (Jweleiy) —wia(ci )l = Eem1(c; 1))

6 Conclusions

We have presented a picture of the research in Learning Fuzzy Classifier Sy-
stems that gives an idea of the contribution the results obtained in this field
can give both to the application side and to the theoretical aspects of Learning
Classifier Systems, and Reinforcement Learning in general. A lot of work has to
be done, yet, to deeply understand all the potentiality of FLCS, and to build a
methodological background to make the application of FLCS easy in real world
problems.
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Abstract. We discuss some issues concerning the application of learning
classifier systems to real-valued applications. In particular, we focus on
the possibility of classifying data by crisp and fuzzy intervals, showing
the effect of their granularity on the learning performance. We introduce
the concept of sensorial cluster and we discuss the difference between
cluster aliasing and perceptual aliasing. We show the impact of different
choices on the performance of both crisp and fuzzy learning classifier
systems applied to a mobile, autonomous, robotic agent.

1 Introduction

There is an increasing interest in the Learning Classifier Systems (LCS) commu-
nity about issues related to the application of LCS to real-valued environments.
Most of the LCS applications proposed up to now work on gridworlds [14] or
an interval-based representation of the input [7]. When interfacing to the real
world by real-valued sensors, the selection of the interval granularity becomes
a relevant issue. A fine-grained classification translates in a large search space,
and a coarse-grained classification tends to induce perceptual aliasing [13]. We
discuss some criteria to face this trade-off in section 2, where we also discuss
the relationships between the interval-based representation partitioning the sen-
sor data space, and the traditional gridworld, where the partition is done on
spatial dimensions, strictly related to the configuration space (c-space) [9]. We
remind the reader here that the c-space is the space of the variables needed to
completely describe the relevant aspects of a system, in general, and of a robot,
in our case. In section 3, we propose to adopt fuzzy intervals as a representa-
tion of the classifier input [2] [3]. Considering an interval-based model and a
fuzzy one with the same number of intervals, the information content of a fuzzy
representation is very close to that of a real-valued representation, and consi-
derably higher than that of an interval-based. Moreover, the selection of certain
well-known configurations of fuzzy intervals (discussed in Section 3) guarantees
high robustness to noise and certain design errors [§]. However, the introduction
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of partially overlapping fuzzy intervals raises some learning problems that can
be reduced by a careful redesign [4] of the classical reinforcement distribution
algorithms. In section 4, we present the simplified learning classifier system that
we have devised to test our proposal. In Section 5, we show the results we have
obtained on a simulated mobile robot, where we consider most of the real world
features, including stochastic and systematic noise, approximation, and uncer-
tainty in sensors and actuators. The aim of this paper is to discuss the issues
concerning learning crisp and fuzzy interval representations when operating with
real-valued input/output; in particular we do not introduce new RL algorithms;
they are presented and compared with other proposals elsewhere [6], [1], [2], [3],
[M], nor we discuss about genetics, generalization, or the reinforcement function
in our proposal. The considerations we present in this paper are general enough
to be relevant for any RL algorithm operating on real values.

2 Grids, Granularity, and Real Values

The information needed by a LCS is usually discretized, in order to have classi-
fiers working on a finite set of input and output values. Most of the work done
in the past in this field is based on gridworlds, where an animat [14] moves from
one cell to another connected to the first, and perceives the presence of elements
fully occupying cells. The kind of discretization we are proposing in this paper
is different, since it is done on the information coming from sensors. We call the
set of real values, one for each input variable, a real-valued state. We classify the
real input values into classes corresponding to either crisp or fuzzy intervals. In
figure [ you may see such a classification for the distance measured by a sonar
sensor. On the ordinates the degree of membership p of the distance reported
on the abscissas in each interval (below in the figure) or fuzzy set (above).

We call the set of crisp intervals, one for each input variable, matching a
real-valued state, a crisp state. We call the set of fuzzy sets, one for each input
variable, matching a real-valued state, a fuzzy state. In the following, we will
refer to both these interpretations of a real-valued state with the common term
state. The main point is that this discretization is done on the animat’s percep-
tion, whereas the discretization in gridworlds is usually done on the environment
where the animat operates, which corresponds, in general, to a, eventually par-
tial, view of the c-space.

The other main difference concerns the type of movement the animat can
do. In gridworlds, it can move from one cell to another (taking one of at most
8 possible actions from one position), in a real-valued world it can change its
position in the c-space (with a real-valued move), but this may, or may not,
bring the animat to a different state. The shift from a state to another is not
linearly related to the movement. Depending on the sensors, their distribution,
the classification model (and on the position in the environment, of course),
the same movement may either bring the animat in a different state or not. As
we show in section 5, the fact that an action brings it quite often to a different
state heavily influences the learning performance. The relative frequency of state
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Fig. 1. The fuzzy membership functions (above) and the intervals (below) to interpret
the distance measured by a sonar sensor.

change depends both on the granularity of the classification of the input space,
and on the duration of the perceive-act (or control) step. This is the second type
of discretization we need to do. In gridworlds, the duration of the control step
is just one tick of an ideal clock; things may change at each tick, and, usually,
the animat can move, in a tick, only from one cell to a connected one: its speed
is one cell per tick. In the real world, we have real time, and real-valued output
(in our case, speed and steering). The control step duration has a lower bound
in the physical time needed to perceive (i.e., acquire and elaborate data from
sensors), select the action, and send it to the actuators. The actual duration
of the control step may be selected as a trade-off between the need for fast
reaction, to select at each moment the best action, and the desire of changing
state at each step; this improves the effectiveness of the learning process since
reduces cluster aliasing (see section 3) and enhances the effect of the exploration
policy. The results we present in section 5 show the impact of the length of the
control step on the learning activity. This becomes even more important when
the LCS receives so-called continuous reinforcement, that is when it is reinforced
at each control step. If we call the time interval between two reinforcements an
evaluation step, we may say that, with continuous reinforcement, the control step
is identical to the evaluation step. A possibility to keep a fast reaction, but also
a good chance of changing state between two subsequent evaluation steps, is to
select an evaluation step larger than the control step. A first intuition about the
importance of this problem was already present in [6] [2], where the term episode
was used to name a sequence of control steps at the end of which a reinforcement
is given. An even more radical approach is taken by many researchers, who
evaluate the performance only when the system reaches a different interval (or
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fuzzy) state. The difference with respect to the episode approach is that, during
an episode, the system may visit different states, while here the performance is
evaluated every time the system changes state. In both cases, the action selected
for a state is kept the same until the performance is evaluated, at the end of an
episode, or when the system enters a new state.

Another important problem related to discretization concerns the aliasing
phenomenon. Let us call the set of real values belonging to the same (crisp or
fuzzy) interval state a sensorial cluster. All the real-valued states belonging to
a sensorial cluster are classified in the same state, and correspond to the same
subpopulation of classifiers. From each real-valued state it is possible to select
one of the competing classifiers in the subpopulation matching the state, thus
obtaining, in general, different reinforcement. Notice that the same classifier may
be triggered by any of the real-valued states belonging to the sensorial cluster,
and that, in general, the reinforcement function varies inside a sensorial cluster.
Let us call the situation where it is possible to do an action that does not bring
us out of the sensorial cluster cluster aliasing. This may cause problems to the
learning algorithm since the same classifiers may have different reinforcements.
The larger the cluster, the higher the possibility to obtain different reinforcement
for the classifiers belonging to the corresponding subpopulation, and the lower
is the accuracy of the LCS to learn the correct action to take from a sensorial
cluster. This is another motivation to keep the cluster (and the corresponding
state) as small as possible. Let us notice that cluster aliasing is slightly different
from perceptual aliasing [13], defined as having the same internal representation
for different states. Perceptual aliasing concerns the representation of the per-
cepts, cluster aliasing concerns the fact that actions done in a state do not bring
us out from it. In perceptual aliasing the problem is that there is the possibility
to take the same reinforcement in different situations, in cluster aliasing is the
opposite: taking different reinforcements for the same classifier causes problems
to the learning activity.

3 Motivations for Fuzzy Intervals

Since their introduction in the late sixties [15], fuzzy sets have been adopted to
map real numbers to symbolic labels. Elements of a universe of discourse belong
to a fuzzy set to a certain extent, according to the so-called membership function
that defines it. Let us consider a universe of discourse X (say, an interval of real
numbers), and a fuzzy set, associated to the label close, defined by a membership
function pieiose(.) that ranges on elements of the universe of discourse and maps
them to the real interval [0 1] (see figure [M). We can say that an element Z
of the universe of discourse (in our case a distance in millimeters) belongs to
the fuzzy set close to the extent fio0se(T). For the fuzzy set close in figure [I
Lelose(690) = 0.7. Giving a semantic value to the fuzzy set, we can say that the
value T = 690 can be classified as close with a degree of 0.7.

Fuzzy sets are often used to classify real values in categories, thus making
possible symbolic reasoning about the phenomena that underlie the incoming
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numbers. Membership of a number (e.g., Z) to a fuzzy set (e.g., close) includes
two kinds of information: the name of the fuzzy set, that brings information ab-
out the category to which the number is classified, and the degree of membership
(e.8., telose(Z) ) that comes from the definition of the fuzzy set. The members-
hip value can be considered as an alternative representation of Z, although it
is unique only for the class of monotonic membership functions. In general, the
relationship between a real value T and its degree of membership to a fuzzy set
I, up(Z), is not bijective. This potential problem is solved by defining partially
overlapping fuzzy sets, and considering as representative of T the set of all the
values p(z), ¥ 1.

Fuzzy rules represent relationships among fuzzy sets. Since the mapping bet-
ween a number and its classification is crisp and well-defined, we can say that
a set of fuzzy rules is a compact representation of a relationship between the
real values that can be classified by the fuzzy sets in their antecedents and
consequents. A set of fuzzy rules implement a mapping among real values that
combines the mappings implemented by each rule. So, a fuzzy LCS is a way to
consider different local models (fuzzy rules) to obtain a complex, in general non
linear, mapping [I] among real values. In particular, it is common to consider
partially overlapping fuzzy sets, as the ones represented in figure [Tl In this case,
any set of real values for the input variables is matched to some extent by at
least two rules. In particular, it can be demonstrated that if the sum of the mem-
bership values equals 1 for any value in the range of the variable, the robustness
of the system with respect to noise is optimal [§]. To summarize: fuzzy sets can
provide an alternative representation of real numbers, a fuzzy rule implements
a model that maps real values to real values in given intervals, a set of fuzzy
rules implement a complex mapping on the full range of the involved variables.
These are the main reasons why fuzzy LCS are an interesting approach to learn
relationships among real values.

With respect to a real-valued representation, fuzzy LCS introduce an ab-
straction level that reduces the search space and makes it possible to reason and
learn on symbolic models. The accent on local models (shared with the inter-
val representation) implies the possibility to learn by focusing at each step on
small parts of the search space only. An interesting aspect of the fuzzy inter-
pretation, when compared with the interval-based, is the possibility to have a
smooth transition between close models: a real value in input is interpreted in a
way similar to the close values in any region of the input range, while an even
small difference in values across the crisp interval boundaries gives rise to ra-
dically different interpretations. The smooth transition among different models
implemented by fuzzy rules implies robustness with respect to data noise [8].

This aspect has some impact also on the learning process. The interaction
among local models, due to the intersection of neighbor fuzzy sets guarantees
that local learning (in the niche corresponding to a fuzzy state) reflects on global
performance [I], since the classifiers are judged for their performance not only
inside the niche, but also on the boundaries shared with neighbor niches. In
other terms, fuzzy classifiers are in competition with each other inside their
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niche, but have to cooperate with classifiers belonging to neighbor niches. It is
not so for traditional crisp LCS, where competition is local, and cooperation on
the output generation is not present, since the selected action is proposed by a
single classifier.

Another interesting implication for learning is the increased granularity that
the fuzzy representation induces. Let us consider figure [2, where we represent
the interval (above) and the fuzzy interpretations (below) for data coming from
a sonar sensor, mapped on the c-space of our robot. The c-space is defined by
the two variables: d, the distance from the left wall of the corridor, and 6, the
heading of the robot.
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Fig. 2. The crisp (above) and fuzzy (below) interpretations of data from one sonar
reported on the c-space.

Note that, since we consider the corridor as infinite, only lateral distances,
such as d are relevant. From the dark gray areas of the c-space the robot can
only bump on the wall, due to its limited steering ability (see Section 5.1). For
each position of the robot in its c-space we have drawn the interpretation of data
coming from the selected sonar (hatched rectangles in the figure - in general, the
complete state is given by hypercubes). We see that each crisp interpretation
is partitioned by the fuzzy one in many zones. This means that there are real-
valued states that belong to one crisp state, but, at the same time, to a certain
number of fuzzy states (two in the figure) with respective degrees of membership.
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In other terms, although the number of classes is the same for both crisp and
fuzzy classifications, this last partitions the input space in a larger number of
distinct zones (five for each triple of classes in figure [2)).

When the agent is in a real-valued state, it matches one crisp state, but
more than one fuzzy state. Thus, the reinforcement obtained is distributed to
a state (or an action done in a state) in the first case, and to a set of states
(actions) in the second case. This means that the information obtained by the
environment is distributed at each step to classifiers related to many states in the
fuzzy approach. This increases the possibility to evaluate actions for real-valued
states which can hardly been reached by the interval representation only. Let
us consider, for instance, the close interval partially covering the “no return”
zone of the c-space marked in dark gray in figure 2l It covers also a zone that
the animat can leave, but this is very small, and the probability of visiting it
is low, although the animat might learn interesting actions by going there. The
same area is covered by fuzzy states that extend, with decreasing membership
functions, also on the neighborhood. In the zone where membership functions
overlap the animat movement comes from the composition of the action propo-
sed by classifiers belonging to different subpopulations. In a sense, this reduces
cluster aliasing, since actions done in the overlapping zone are in general diffe-
rent from actions proposed where there is no overlapping. Moreover, they are
different with a kind of continuous shift from the action proposed in a state (e.g.,
medium in the figure) to that proposed in the other (e.g., close). Learning also
takes into account the actions done in the overlapping areas, since reinforcement
is also given because of actions done from that area. From figure 2] it is possible
to imagine that classifiers operating from the medium state may interact posi-
tively with those (possibly highly inaccurate) operating from the close state in
the overlapping area, possibly keeping the agent out from the “no return” zone.

Now, let us make some few remarks. Given the above mentioned phenomenon,
it is easy to observe that fuzzy LCS converge to behaviors that keep the animat
close to the overlapping zones. This means that the learning algorithms we have
introduced tend to optimize the interactions among close states. This may be
a suggestion for the design of membership functions. A second remark concerns
the complexity of the states we have even in a simple application as the one
we introduce in section 5. For instance, we have six sonars corresponding to six
patterns analogous to those shown in figure Bl covering the c-space with many
overlapping zones. We have found that, just by fuzzyfying the intervals as shown
in figure[I] the number of the actual states reachable by our animat rises from 84
to 112, on the same c-space. This reduces cluster aliasing, per se, but also gives
an idea of the number of the overlapping zones that may correspond to these
fuzzy states. As a last remark, let us notice that, on the boundaries between
fuzzy states, the contribution of the obtained reinforcement is mediated by the
corresponding membership functions, thus propagating the smoothing effect,
mentioned above with respect to the actions, also to the learning process.
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4 A Simple LCS Framework

In this paper, we consider a simplified type of LCS [3]. Each classifier is a rule,
whose antecedent is the conjunction of symbolic values for input variables. In
crisp LCS, we consider that each of these symbols denotes an interval of real
input values for the corresponding variable. In fuzzy LCS, each symbol denotes
a fuzzy subset of the range of the real values the variable can take. A don’t care
symbol may replace any of the antecedent values, meaning that the value of the
variable is not relevant for the classifier, that is that any real value matches the
antecedent. The consequents are symbols corresponding to crisp values for each
of the consequent variables. A classifier of this kind has a conceptual shape like
this:

IF (FrontDistance IS Close)

AND (LeftDistance IS Far)

AND (RightDistance IS Don_T_Care)
THEN (TurnDirection IS Left)

actually implemented in a more compact string such as ”130:3”.

At each control step, one crisp classifier is selected among the ones whose
antecedent is the crisp state matching the current real-valued state. The conse-
quent values of the selected classifier are sent to the actuators of the robot.

When operating with fuzzy LCS, a real-valued state matches different fuzzy
states, i.e., different fuzzy classifiers. We consider subpopulations of classifiers
having the same antecedent (eventually including don’t cares) and different con-
sequents. At each control step, we select one classifier for each matching subpo-
pulation (i.e., one for each fuzzy state). Each of the matching classifiers proposes
an action with a weight proportional to its degree of matching. We combine the
proposed actions with a fuzzy aggregation operator [8] (in the experiments here
reported, maz), we defuzzyfy the result [§] (here, by a weighted sum ), and we
send the obtained real value to the actuators. Notice that the output of crisp
classifiers is selected in a small range of values; for instance, if we have only one
output variable, the output is one of the k£ values defined for that variable. The
output of fuzzy classifiers has a far larger range, since it comes from the weighted
combination of the same number of output values (figure[3)): the defuzzyfication
process makes it possible to exploit the information about membership of the
real-valued state to the fuzzy antecedent, thus producing a fine-grained output.
Notice that this is not a real-valued output, only because the number of output
values depends on the precision considered for the membership values.

We have implemented a tool [4] to study the impact on the learning process
of different credit assignment algorithms, exploration strategies, and evolution
algorithms. We have done many experiments exploiting the different choices
offered by our tool, and the results of this extensive study will be presented in
other papers. Here, we present results concerning the paper theme, and obtained
by our versions of @-Learning [12] and TD()\) [I1], both for crisp and fuzzy
LCS [].
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4.1 Reinforcement Distribution for Interval Models

Q-Learning At time ¢ the system is in the real-valued state s;, after having
executed action a;_; from a state s;_; matched by the interval-valued antecedent
8¢—1, and receives the reinforcement r;. The Q-value given to the pair (§;—1,a;—1)
is updated by:

Qi(St—1,a1-1) = Qr—1(81—1, a1—1) + o (1y + ymax,(Q¢(54,a)) — Qe(51—1,a1-1))

with the learning rate 0 < o < 1 and the discount factor 0 < v < 1. The
strength of the classifier ¢;_; selected by the exploration policy at time ¢ is

Q(ét—la at—l)-

TD(X) At time t the reinforcement distribution algorithm performs these steps.
1. Receive the eventual reinforcement r;_; due to the action a;_1 selected
by the policy in state s;_1.
2. Compute the estimation error of the evaluation function V(-) in s;_1,
equivalent to the immediate prediction error AFE of the corresponding classifier
ct—1 by:

AE(ci—1) =1t + 7 Vi(se) — Vi (s¢-1)

with the discount factor 0 < v < 1.
3. For any state §:
3.1. Update the eligibility e(8) by the formula [10]:

eﬂ@z{ 1 ifé=8_1

yAer—1(8) otherwise
with 0 < A < 1.

3.2. If the eligibility of the state § is greater than a threshold value €, with
0 < e <1, update the value function V (-) for any § according to:

Vi(8) = Vim1(8) + aAE(ct—1)e:(3)
with 0 < o < 1.

4. Update the value of the policy for the pair (§;_1,a;—1), that is the strength
w of the classifier ¢;_1, by the formula:

wi(cr—1) = wi—1(ct—1) + B (AE(ct-1))

with 8 > 0.
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4.2 Reinforcement Distribution for Fuzzy Models

We have extended the above presented algorithms to learn fuzzy models, follo-
wing the considerations discussed here below.

A real-valued state is a set of real values for the input variables. We say that
a real-valued state s matches a fuzzy state 5 to some extent juzi(s), when each
real value s* belonging to s belongs to the corresponding fuzzy set belonging to
5, and pzi(s) comes from the conjunction of the values pzi(s¥), computed by
the selected conjunction operator. Such operators belong to the class known as
T-norms [8], among which the most common are min and product.

A crisp state usually matches more than one fuzzy state, while in standard
LCS, it matches the set of intervals that define only one interval state. Let us
consider subpopulations of classifiers for each fuzzy (or interval) state. In crisp
LCS, classifiers belonging to the only subpopulation that matches the current
state put actions in the action set, whereas in fuzzy LCS, we have many sub-
populations matching the same crisp state, each proposing an action with some
strength, proportional to the degree of matching of the classifier selected within
the subpopulation. The strength values of the proposed actions are composed by
an aggregation operator, usually implemented by a T-conorm (such as max), and
then defuzzyfied by one of the many methods available [§]. Whatever T-norm,
T-conorm, and defuzzyfication method is selected, the resulting action proposed
by the set of selected fuzzy classifiers @ is a function of the actions a’ proposed
by the matching classifiers and of their degrees of matching pz:.

Since all the matching classifiers contribute to the performance of a Fuzzy
LCS, the reinforcement should be distributed to all of them, proportionally to
their contribution. Therefore, the first step to extend the reinforcement distri-
bution algorithms consists of introducing a factor (let us call it £.:) that weights
each classifier contribution. For each step, this factor is equal to the current con-
tribution of the classifier (its degree of matching), weighted by the sum of the
contribution given till now, saturated to a given value T' (in these experiments
T = 2). This enhances the learning rate of classifiers that do not yet participated
much to the performance, yet.

€ = psi(5t)
min (Tv Zk:l,t Mz (Sk))

The other important point concerns the evaluation of the best value in a given
state, used in the Q— Learning and T D()\) formulas. In this case, we cannot just
take the value corresponding to the best value in the given state, since this state
matches many fuzzy states, each contributing with different actions. We present
our proposal for Q-Learning, leaving to the reader the analogous passages for
TD()). Let us consider Q*(c}?), the highest values of the classifiers ¢}’ belonging
to each subpopulation corresponding to the matching fuzzy states i at time t.

Q (") = maz;(Q(c]")
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Let us call my(s) the sum of the Q*(¢;?), each weighted by %, (s), the degree
of matching of the corresponding classifier to the current, real-valued state s.
This means that we consider as the reference best value in the current state,
the combination of the best classifiers that can trigger in this state, one for each
matching subpopulation. The corresponding formula is:

m(s) = Z Mzk(S)Q*(CZk)

k=1,K

Q-Learning At time ¢ the system is in the state s;, after having executed action
a;—1 from a state s;_; matched by the fuzzy antecedent s;_1 , and receives the
reinforcement r,. The Q-value given to the classifiers ci_; selected by the policy
for each pair (3{_;,a!_;) is updated by the formula:

Qt(cifl) = Qt71(0i71> + Offc;;l (Tt +ymi_1(si-1) — Qt(CLl))

TD(A) The extension of the D () algorithm presented for crisp LCS is straight-
forward, given the considerations done at the beginning of this section. We do
not present again all the steps, but only the key formulas.

The eligibility trace of the fuzzy state s is updated by the formula:

e (5) = psi(s)  if =354
t YAz (s)es—1(8Y) otherwise

The strength of the classifier ¢;_1, is updated by the formula:
wicj_y) = w1 (cj_1) + B (re+7 Y pai(s0)V(E) = Vica(51-1))
Vi

5 Experimental Results

In this section, we first present the application, then the experimental settings,
and, finally we discuss some of the results we have obtained.

5.1 The Application

The application we have selected is navigation of a mobile robot in a corridor.
The learning activity is done on a simulated model of the actual mobile robot
CAT [1], which has a car-like kinematics, is 700 mm long, 600 mm wide, and
can run at a maximum speed of 300 mm/sec both forward and backward. The
maximum steering degree is 30° on each side, and this is an important limitation
to the maneuvering capability. In the configuration we adopted for these experi-
ments, CAT had 8 bumpers (on/off contact sensors) all around its body, and 6
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sonar sensors, covering the frontal 210°. Each sonar produces an ultrasonic wave
and the time between emission and detection of a reflected wave ( Time of Flight
- ToF) is measured. This is proportional to the distance from the closer surface
orthogonal to one of the rays of a 60° cone originating from the sonar. The range
is between 200 and 3,230 mm. The distance obtained by each sonar is affected
by noise, uniformly distributed in the interval +5% of the maximum range. This
model is rough, but realistic, and corresponds to a pair of two Polaroid sensors
available on the market, each having a detection cone of about 30°.

Data from sonars are interpreted either in terms of fuzzy sets, or in terms
of crisp intervals, as described in figure [l Notice the special singleton value
used to represent a characteristic feature of sonars: when no echo returns within
the maximum ToF, the sensor gives a specific out of range value. This happens
either when no object is within the range, or when all the objects within the range
deflect the ultrasonic wave away from the sensor, due to the relative direction of
their surfaces. A state is thus represented by six variables, each corresponding
to a distance measured by one sonar sensor, and one Boolean variable, which
becomes true when any of the bumpers is activated. The only output variable is
steering, represented by singletons, as in figure Bl In the experiments we present
here, the robot goes at a constant speed of 150 mm/sec. Whenever the robot
get stuck on the wall, we bring it three steps back, so that there is a probability
that it comes in a different sensorial cluster and may try different actions.

u
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-30 -20 -10 O 10 20  30gilering [¢

Fig. 3. The output values of steering.

5.2 Experimental Settings

Since the aim of these experiments is to discuss the impact of cluster aliasing
on the learning performance, we keep fixed all the learning parameters and pro-
cedures not directly related to this aspect. The exploration strategy is: take
the best matching classifier for each subpopulation with a probability equal to
(N —1)/N, and a classifier randomly selected with a probability equal to 1/N,
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where N is a design parameter to tune exploration. In the experiments here
presented, we excluded generalization, and, with it, the need for crossover: the
classifiers are generated only by cover detection. The number of classifiers in a
subpopulation matching a state is inversely proportional to the top performance
of the subpopulation: the worst classifiers matching the current state are deleted
when the performance of the subpopulation increases. Mutation is limited to the
consequent part. The aim of the learning system is to find the best classifier for
each state.

rad ]
3172, T
............... Ty l :
w2
-1
’ d [;]
1 <

Fig. 4. The reinforcement function for the experiments reported in this paper, drawn
on the c-space, along a third dimension coming towards the reader.

The reinforcement function r is the same in all the experiments, and it is
designed to evolve a controller that keeps the agent moving as close as possible
to the center of a corridor. In figure @l we represent it on the c-space. You can see
that it is maximum when the animat is to the center of the corridor, parallel to
the walls, in any of the two directions, and minimum when the animat is bumping
on the walls. Notice that it does not take into account the “no return” zones (in
gray in the c-space). In this paper, we are not concerned with the optimization
of the reinforcement function, and we only show the results obtained with this
reinforcement function, that we consider to be continuous, since it can produce
a reinforcement for any point in the c-space, and complete, since it completely
describes the task, giving a reinforcement for any of the values of the variables
in the c-space. A more detailed discussion about the design of the reinforcement
function is presented in a forthcoming paper [f].

Each learning trial lasts 500 control steps, and sets of trials to be compared
with each other have the same randomization seed. Each experiment consists of
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trials sequentially starting from the 11 different positions shown in figure [ in
the order mentioned there; each sequence is repeated 10 times for a total of 110
trials and 55,000 control steps. From the set of classifiers we have at the end of
the learning process, we consider only the best classifier for each subpopulation
that has been tested enough, and we evaluate the performance of the controller
they implement in 27 trials, lasting 700 control steps each, starting from the 11
positions shown in figure Bl and from 16 intermediate ones, in order to test the
generality of the learned controller.
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Fig.5. The starting position for the learning trials, in the environment (left) and on
the c-space (right).

5.3 Results

In this section, we discuss results from experiments each done as mentioned in
section 5.2, since we believe these are more interesting than results averaged
over a set of similar experiments. Moreover, we have run experiments for more
than 8 millions control steps and the difference among analogous ones is non
significant. In figure [6l we show the istantaneous performance (computed as the
instantaneous reinforcement R), over the above mentioned 27 trials, of a learned
controller whose control step lasts 600 ms. As you can see, the behavior is almost
satisfactory for both the crisp and the fuzzy LCS, although the latter shows a
better behavior, since its performance averaged over the 27 trials (covering all
the reasonable starting positions) is higher, and it does not bring the animat
on the walls, as it happens in one case (position 8) with the crisp LCS. This
confirms what we have written in section 3: the fuzzy LCS is more robust with
respect to cluster aliasing.
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Fig. 6. Performance of a controller learnt by crisp (above) and fuzzy (below) Q-
learning, control step 600ms.

In figure [l we show the results of the same experiment, but with a control
step of 100 ms. This is a way to increase cluster aliasing, since we select, and
evaluate, actions at a higher rate: the probability that, at the next step, the
animat is still in the same state is higher than in the previous case. In this
situation, the next classifier will be selected from the same subpopulation. As
we can see, the performance of both LCS decreases, although that of the crisp
LCS is still slightly worse than that of the fuzzy LCS.

The same qualitative comments apply to the results obtained by adopting
TD()) instead of Q-learning. In this application T'D(\) has a slightly worst per-
formance with respect to Q-learning. This is due to our continuous reinforcement
function, that slows down learning with 7'D(\), since this algorithm suffers more
than Q-learning from the cluster aliasing problem. A continuous reinforcement
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Fig. 7. Performance of a controller learnt by crisp (above) and fuzzy (below) Q-
learning, control step 100ms.

function increases the confusion in the evaluation of the performance inside a
cluster, since the reinforcement is similar for all the actions taken from close
real-valued states, and quite different from actions taken from far real-valued
states inside the same cluster.

In figure[§, we show the plots of the average reinforcement obtained during
learning by Q-learning with control steps of 600ms and 100ms with the crisp and
fuzzy models. In both cases, we may notice that learning reaches a stable point,
but we see that they are different, due to the higher cluster aliasing present in
the second situation.
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R (average)

Fig. 8. Average reinforcement during learning: crisp (above) and fuzzy (below) Q-
learning, control step 600ms (left), 100ms (right).

6 Conclusions

We have presented some of the problems arising when applying learning clas-
sifier systems to real-valued environments. We have focused on the impact of
an interval-based representation on learning, discussing the problem of cluster
aliasing that arises when more than one action is possible from one state and
action execution does not imply state change.

We have introduced a fuzzy representation to get closer to a real-valued
representation, while maintaining a small, symbolic, search space. Finally, we
have discussed the results we have obtained to learn a relatively simple robotic
task: fuzzy LCS seem more robust than interval-based LCS with respect to the
problem of cluster aliasing, and, at least in the cases presented in this paper, it
seems also more effective.

In future papers we will present the impact of other factors on the lear-
ning performance, such as the exploration strategy, generalization, discrete, in-
complete, or accuracy-based reinforcement functions. The only consideration we
would like to anticipate here is that fuzzy LCS require, in general, a higher com-
putational effort, and a higher level of exploration; moreover they work better
with crisp information, such as discrete reinforcement functions.
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Abstract. Classifier systems have traditionally used explicit measures
of utility (strength, predicted payoff, accuracy, etc.) to quantify the per-
formance and fitness of classifier rules. Much of the effort in designing
and implementing classifier systems has focused on getting these utilities
“right”. One alternative worth exploring is the idea of using endogenous
fitness; that is, reinforcing successful performance with “resources” that
rules need in order to reproduce. Under this regime, the best rules are
those that accumulate the most resources over their lifetime and, conse-
quently, have the most offspring. This paper describes a classifier system
designed along these lines. Rules have no associated utility measure. In-
stead, each rule has one or more reservoirs that can be used to store
resources. When enough resources have been accumulated, a rule utili-
zes some of its resources to reproduce and the reservoir level is reduced
accordingly. Preliminary tests of this system on the multiplexor problem
show that it performs as well as utility-based classifier systems such as
XCS.

1 Introduction

One of the most attractive aspects of the classifier system framework is the way it
treats rules as tentative hypotheses subject to testing and confirmation via expe-
rience with the environment [4]. A key requirement underlying this capability is a
computational approach to assessing the strength of each hypothesis. In classifier
systems, the strength of each hypothesis is determined from experienced-based
predictions of rule performance. Hypothesis strength is used to provide a sound
basis for assessing the fitness of rules, making rules a source of building blocks
for generating plausible new hypotheses. Classifier system implementations have
traditionally put this idea into practice by calculating parameters — such as
predicted payoff, accuracy, payoff-derived strength, etc. — that explicitly esti-
mate the utility and fitness of rules. We are investigating a classifier system
that determines the utility and fitness of rules endogenously, without computing
explicit estimates.

This research was prompted in part by difficulties encountered over the years
trying to devise quantitative performance measures and fitness functions for

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS’99, LNAI 1813, pp. 125-[141], 2000.
© Springer-Verlag Berlin Heidelberg 2000
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traditional classifier systems. In a complex and uncertain environment, a single
measure of what makes a hypothesis useful or reliable can be hard to come by. For
some problem domains, it is sufficient if a system finds hypotheses that minimize
the total number of classification errors. Sometimes, though, it is important to
scrutinize hypotheses more carefully, insisting on properties such as a low rate
of false positive errors. In other cases, the challenge could be to find clusters
that cover the input space subject to various constraints. Designing a single
performance measure that accommodates such a wide variety of performance
requirements, including their context dependent interactions, can be a significant
engineering challenge.

Holland recognized that many of the adaptive interactions that arise in clas-
sifier systems can be studied more directly in a simpler framework. The Echo
class of models [5] provides such a setting. Echo offers a framework in which
simply-defined agents interact in carefully structured ways that are more con-
crete than the general-purpose, pattern-directed procedures used in classifier
systems. Another interesting difference between Echo and classifier systems is
that there are no explicit fitness functions for the agents in Echo. The fitness
of agents in Echo is determined endogenously. Agents interact with each other
and with the environment to acquire the resources needed to survive and repro-
duce. While fitness is a function of the agent and the overall context the agent
finds itself in, that function never has to be explicitly defined as a quantitative
measure of adaptive proficiency.

We hypothesize that endogenous fitness can provide a similar advantage in
the classifier system framework. This paper introduces ideas about how to im-
plement endogenous fitness in classifier systems, and gives preliminary results
on how well those ideas work. We begin with a brief discussion of why we expect
endogenous fitness to be useful in classifier systems. That discussion is followed
by a description of our initial implementation, and results from experiments with
the Boolean multiplexor problem.

2 Endogenous Fitness in Classifier Systems

Our focus in this paper is on using endogenous fitness to address the issue
of generalization accuracy. As Wilson [8] has pointed out, traditional classifier
systems have no way of distinguishing between an accurate classifier having some
modest payoff value, and an inaccurate classifier whose average payoff is equal to
that value. Moreover, traditional classifier systems have few explicit mechanisms
in place to promote the discovery and proliferation of accurate rules. As a result,
overly general rules continually threaten to take over the population, since they
match more messages than their less frequently activated, but potentially more
accurate, counterparts.

Though measuring the accuracy of a rule can itself be a tricky endeavor [6],
there are ways to define rule utilities so that overly general rules are less fit and
less likely to dominate the population. For example, one of Holland’s earliest
discussions of classifier systems emphasized the importance of using prediction
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errors to identify rules that overestimate their expected payoff [3]. In addition,
Booker [2] defined a consistency parameter, based on the mean-squared predic-
tion error, that was used to attenuate rule fitness and provide an advantage for
accurate rules. More recently, Wilson [§] has devised the XCS system that uses
a fitness criterion based solely on minimizing prediction error. The success of
XCS demonstrates how important it is to effectively address the accuracy issue
in any successful classifier system implementation.

The rationale for using endogenous fitness to address the problem of gene-
ralization accuracy is based on the following intuition: If rules need resources
to reproduce, and accurate rules accumulate resources and reproduce at a fa-
ster rate than inaccurate rules, then accurate rules will tend to take over the
population. The key is to find simple ways to adjust the relative rate at which
accurate and inaccurate rules accumulate the resources needed to reproduce.
Our approach therefore focuses on how to design such a competition for resour-
ces between accurate and inaccurate rules.

To begin with a simple case, assume that we are dealing with a stimulus-
response problem in which the rules advocating an action on a given time step
(i.e., the action set) take all of the credit for whatever reinforcement (“good”
or “bad”) is received. Assume further that each reinforcement event leads to
the distribution of some nominal resources among those rules, and that the
acquired resources accumulate over time in internal reservoirs. Following the
way resources are used in Echo [5], we specify that a rule needs to accumulate
resources in excess of some threshold level before it is allowed to reproduce. Note
that the expected net accumulation of resources, reflecting the net balance of
“good” and “bad” reinforcement received, does not depend on how frequently a
rule is active. It depends most directly on the probability of reinforcement and,
therefore, on the probability that the rule is “correct”. Consequently, there is
some hope that we can sidestep the issue faced by systems employing explicit
fitness functions which must try to compensate for the fact that general rules
typically have more opportunities to reproduce than specialized rules.

While this intuitive picture of how to proceed is fairly straightforward, there
are many pragmatic details that need to be sorted out. The most important de-
tails are those governing the rate of accumulation of resources and the frequency
of reproduction. Mathematically speaking, this approach tries to exploit the ex-
pected fluctuations in reservoir levels given a sequence of reinforcement events
correlated with a rule’s responses. The sequence of changes in reservoir levels can
be viewed as a generalized random walk. Given that there are many analytical
results available concerning the behavior of random walks and other fluctua-
tion phenomena, it is reasonable to expect that some version of this endogenous
fitness scheme should be amenable to mathematical analysisﬁ. As a prelude to
a formal analysis, we have conducted a series of empirical experiments to help
determine an appropriate way to pose the problem in the classifier system set-
ting. The remainder of this paper describes those experiments and the classifier
system implementations that appear to be on the right track.

! This is not meant to suggest that such an analysis will be easy.



128 L.B. Booker

3 System Description

The classifier system used in this study has a fairly conventional design, borro-
wing elements from previous work on GOFER [112] and XCS [§]. The population
of classifiers has a fixed size . Each classifier in the population has a single con-
dition on the left side and a single action on the right side. In a departure from
previous systems, there are no performance estimates associated with classifiers.
Instead, each classifier £ has two associated reservoirs: the A (€) reservoir that
stores resources obtained from “good” reinforcement events, and the A_ (&) re-
servoir that stores resources obtained from “bad” reinforcement events. In all
of our experiments the reservoirs were initialized to be empty and the initial
classifiers were generated at random. The only other parameter stored with each
classifier is its age «(&), which is used in the procedure for deleting classifiers.

3.1 Performance System

The system performance cycle is fairly routine. For each input message i, the
system first determines the set of classifiers M eligible to classify the message.
Matching classifiers are always included in M. Following the procedures in GoO-
FER, if there are fewer than A, matching classifiers available, classifiers with
the highest partial match scores are deterministically selected to fill out M. We
use the simple partial match score

. _ J s+1if £ matches the message 7
ul&,i) = {l — n otherwise

where [ is the length of the input condition in &, s is the speciﬁcit , and n is
the number of positions where the condition doesn’t match the message.

For each action a represented in M, the system computes an action mandate
that is similar in intent to the system prediction computed in XCS. The action
mandate is supposed to capture the system’s knowledge about the likelihood of
a “good” outcome if action a is chosen. There are several ways this could be
computed. We currently use the relative amount of resources in the A4 (§) and
A_ (&) reservoirs as an indicator of expected outcome. Each classifier £ in M
contributes

|44 ()]

MO = AT+ 1A~ @)

to the mandate for its action. The rationale for this particular approach is to give
more weight to those actions that, based on previous experience, have the highest
likelihood of being followed by a “good” reinforcement event. This contribution
from each rule is added to an action selection array and, as in XCS, an action
is selected using one of many possible selection methods. The members of M
that agree with the selected action constitute the action set A. The system
then sends that action to the effectors, and the environment may respond with
reinforcement.

2 The number of non-#’s in the input condition
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3.2 Reinforcement

For convenience, we assume for now that a zero reward indicates no reinforcement
event has occurred. When a non-zero reward is received, a fixed amount of
resource R > 0 is made available to the classifiers in the action set. As in the
GOFER system, each action set classifier is eligible to receive a share of that
resource. We have experimented with several ways of allocating the resource
among the classifiers in A. The most effective method so far divides the resource
based on the largest likelihood that each classifier assigns to one of the outcomes.
This likelihood is estimated by

1A.(9)]
1A+ O+ 14D

where A, (€) is the reservoir containing the largest amount of resources. Each
classifier in A receives a share of the resource given by

o(€) = (A*A@) R

where A is the total likelihood in A. When the reinforcement event is “good”,
p(€) is added to Ay (&); otherwise, it is added to A_(&). The idea is to bias the
allocation of resources in favor of those classifiers that provide the most decisive
hypothesis about the outcome associated with the selected action.

Under this regime, rules that are consistently associated with only one type
of outcome will quickly achieve a large net accumulation of resources in the
A, (&) reservoir since all of their resources are stored in one place. Conversely,
rules associated with both outcomes will distribute their resources over both
reservoirs, taking longer to attain a large net accumulation in A, (€). This is
significant because the frequency of reproduction is tied to the net accumulation
of resources in the A, (&) reservoir.

Al€) =

3.3 Rule Discovery

After the rule reservoirs have been updated, any classifier in M having a sufficient
excess of resources in the A,(£) reservoir becomes eligible to reproduce. An
excess of resources is indicated by

A4 (6) A >7

for some threshold 7. When reinforcement is correlated with “correct” and “in-
correct” actions, the frequency of satisfying this reproduction criterion is corre-
lated with the frequency that a rule’s response is correct. Rules that are consi-
stently correct (or consistently incorrect) will consequently enjoy a reproductive
advantage over rules that are inconsistent. Note that this notion of directly as-
sessing the performance of the decision policy leads to a policy-level view of
what it means for a rule to be accurate. In GOFER, XCS and other systems that



130 L.B. Booker

try to estimate the expected reward associated with a state or state-action pair,
accuracy refers to the precision of those value estimates.

If there is more than one classifier in M eligible to reproduce on a given cycle,
all eligible classifiers are designated as parents and allowed to produce one copy
of themselves. Parents then have their A, (§) reservoir decremented by 7, which
can be viewed as the cost of generating an offspring. The reproduced copies are
modified by mutation and crossover, and the resulting offspring are inserted into
the population. Classifiers are stochastically selected for deletion based on their
age, so that older classifiers are more likely to be chosen. Note that this scheme
triggers rule discovery without using any extra bookkeeping or monitoring of the
state of the system.

4 Empirical Results

As a simple initial test of how well this system works, we apply it to the familiar
Boolean multiplexor problem. The value of the multiplexor function is computed
by using the first n bits of an [-bit string as an index. That index selects one
of the remaining 2™ bits in the string (where n + 2™ = [), and the selected
bit is returned as the function value. We initially restrict our attention to the
case n = 2 (the 6-bit multiplexor). For this problem, the following set of rules
provides a complete solution:

O0O### ==> 0 10##0# ==> 0
O01### ==> 1 10##1# ==> 1
O1#0## ==> 0 11###0 ==> 0
Ol#1## ==> 1 11###1 ==> 1

Each of these rules is maximally general in the sense that no more #’s can
be added to their input conditions without introducing performance errors.

In all experiments, unless otherwise noted, the system constants were as
follows: N = 400, NV,,, = 16, R = 500, 7 = 1000, initial reservoir levels of 0 for
new offspring, a mutation rate of 0.01, and a crossover rate of 1.0. We identify
a correct system response as a “good” event and an incorrect response as a
“bad” event. As a convenient simplification, we initially use a positive reward
(4+1000) to signal a “good” event and a negative reward (—1000) to signal a
“bad” event. The initial version of the endogenous fitness algorithm only checks
the sign of the reward, though, so the magnitude of these rewards is ignored.
In subsequent sections we will describe a generalization of this basic scheme in
which rewards with different magnitudes can be used and the sign of the reward
does not automatically determine if the response is “good” or “bad”.

Performance was measured by the proportion of correct decisions over a lear-
ning epoch consisting of 50 randomly generated input strings. Each experiment
was run for 200 epochs (10,000 input strings). In order to facilitate compari-
sons with XCS on this problem, we used Wilson’s [8] action-selection regime.
This regime makes a random (probability 0.5) choice between “exploit” mode
— where the system selects the best action as indicated by the action mandate
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Fig. 1. Initial performance on 6-bit multiplexor

array — and “explore” mode where the system selects an action at random. No
rule discovery operations occur in exploit mode. All results are averaged over 10
independent runs.

4.1 Initial Test Of The Basic System

The results of applying the system described above to the 6-bit multiplexor
problem are shown in Figure[l.

This initial implementation of the endogenous fitness algorithm has a per-
formance trajectory that is very similar to the performance curve of the more
conventional GOFER approach. At the end of 200 epochs, performance was ap-
proximately 98.2% correct as compared to 99.6% for GOFER. Direct comparison
with the GOFER performance curve is somewhat misleading, since GOFER used
a roulette-wheel action selection scheme that allowed learning on every trial.
Moreover, GOFER only tried to learn the 8 maximally general classifiers that
are always correct. Here, in order to assess generalization accuracy, we make
our system learn all 16 maximally general classifiers, both those that are 100%
correct and those that are 100% incorrect. Nevertheless, the performance of the
endogenous fitness approach appears to be reasonably good on this task.

When we examine the rules that the endogenous fitness algorithm has learned
after 200 epochs, however, we see that there is considerable room for improve-
ment. Figure 2lshows the most prevalent rules in a population of classifiers at the
end of a typical run. The numbers in parentheses after each rule give the number
of rule instances and the reward expected when that rule controls the system

3 During explore trials we record a correct decision whenever the system would have
made the correct “exploit” decision
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(State = ##1#1#) ===> 0 (8,-407.1)
(State = ##11##) ===> 0 (9,-89.9)
(State = #O##1#) ===> 0 (9,44.6)
(State = #1#1#1) ===> 1 (11,1000.0)
(State = 000###) ===> 1 (26,-1000.0)
(State = O1#1##) ===> 0 (14,-1000.0)
(State = O1#1##) ===> 1 (14,1000.0)
(State = 1###0#) ===> 1 (9,-95.4)

Fig. 2. Typical set of rules learned by the initial endogenous fitness scheme

responseH. The system typically learns all of the maximally general classifiers,
but only a few manage to attain a sizable foothold in the population during
the first 200 epochs. In retrospect this is not too surprising. Over-general rules
that help the system perform better than random in early epochs do not suffer
an overwhelming disadvantage in the competition for resources with maximally
general classifiers. The competition for resources is governed by the likelihoods
A« (€). An over-general classifier like

1###0# ===> 1

is correct on only 4 of the 16 messages it matches, and so we might naivel
expect it to have an associated likelihood of A.(£) = 0.75. While this is smaller
than the corresponding expectation of A, (£) = 1.0 for a maximally general clas-
sifier, it takes time for this difference to lead to the demise of the over-general
classifier, especially when the over-general classifier has a significant number of
instances in the population. Eventually the difference in likelihoods does take its
toll. When we extend the experiments to 400 epochs we see that by 350 epochs
the maximally general classifiers have taken over the population and the perfor-
mance curves are steady at 100% correct. However, this is about twice as long
as it takes systems like GOFER and XCS to generate a comparable population
of maximally general rules.

4.2 Generating A Better Covering

One of the reasons that the basic system fails to quickly find and exploit all of
the maximal generalizations is that the selection pressure against overly general
or overly specific classifiers is weaker here than in GOFER and XCS. The most
efficient population of classifiers for solving the multiplexor problem is one that
consists solely of the 16 maximally general classifiers. These classifiers cover

4 The statistics about expected reward were computed for diagnostic purposes only.
They were not used by the performance system.

5 Even if the algorithm were formulated as a simple, symmetric random walk, chance
fluctuations make it unlikely that we would observe such “intuitively obvious” re-
servoir levels for any given classifier.
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the set of input strings in the sense that they correctly indicate the outcome
associated with each action and each input. The maximally general classifiers
provide an efficient covering in the sense that they are the most compact set
of rules that covers all of the input strings. The endogenous fitness scheme, in
its current form, is not explicitly designed to learn an efficient covering. We can
improve the performance of the algorithm by finding a way to provide more
direct guidance about how to generate such a covering¥.

Smith et al [7] describe an intriguing approach to generating selection pres-
sures for efficient coverings. Their technique is based on a simple model of the
immune system in which antibodies compete with each other to match antigens.
Both antigens and antibodies are represented as binary strings. The fitness of
each antibody is determined by the number of times it is selected as the winner
of a competition. Experiments show that, under this fitness regime, a genetic
algorithm (GA) can generate and maintain a diverse population of antibodies
that covers the set of antigens. Moreover, each antibody has a frequency in the
population proportional to the frequency with which the corresponding antigens
it covers are sampled. An analysis of this mechanism shows that it is strongly
related to the familiar fitness-sharing schemes often used in GA implementations
to solve multimodal optimization problems.

We can exploit this approach for our purposes by using the probability of
winning such a competition to help bias the distribution of resources in A.
More specifically, assume that we want to model the results of the following
competition for each input message:

1. Select a random sample of size r without replacement from M.

2. Choose the classifier £ in A with the largest value of \.(§) in the sample
as the winner on this iteration. Ties are broken at random. If there are no
classifiers from A in the sample, then there is no winner and we repeat step
1.

. Add A, (&) to the total competition score for .

4. Repeat the process for several iterations. The classifier that accumulates the

highest overall score is the winner of the competition.

w

Smith et al show that the probability of winning this kind of competition
can be expressed in terms of hypergeometric probabilities. The hypergeometric
distribution h(k,r,n,m), given by

m n—m

(o
(")

r

h(k,r,n,m) =

is used to compute the probability that exactly k red balls will be in a sample of
size r, drawn without replacement from a population of size n that contains m

5 Since we rely on a genetic algorithm for rule discovery, we avoid doing anything that
over-zealously eliminates diversity from the population. Diversity is the “grist for
the mill” in genetic search.
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red balls. In order for a classifier £ to win the competition for a given message,
no classifier ¢ with A, () > A, (§) can occur in the sample. Moreover, whenever
there are classifiers ¢ with A.(p) = A(€) in the sample, £ has to be the one
chosen by the tie-breaking procedure. The probability that these events all occur
is given by

_ h<07r7 ‘M|7 G(S))(l — h(O,?‘, ‘M| — G(€)7 F(f)))
F(£)

where F(§) is the number of classifiers ¢ in A with A.(¢) = A (&), and G(§) is
the number classifiers ¢ in A with Ai(p) > A\ (€). Given the way sample size
controls the extent of resource sharing in this algorithm [7], the value r = 0.5|M]|
appears to be a reasonable choice for our classifier system implementation.

Directly computing the hypergeometric probabilities is a cost-effective al-
ternative to explicitly simulating the multi-stage competition on each classifier
system cycle. The log gamma function, available as a subroutine in standard
math libraries, provides a direct way to compute factorials and binomial coeffi-
cients based on the fact that

H(¢)

T (n) = log(I'(n)) = log((n — 1)!)

for integers n. The hypergeometric probabilities h(0,7,n,m) that we need are
given by

h(0,7,n,m) = exp(ITn(n —m + 1) + Ny(n —r + 1)
—Ny(n—m—r+1)—INy(n+1))

where exp is the exponential functionl. We use these probabilities to exert pres-
sure for a more efficient covering by modifying the endogenous fitness scheme to

use
ﬁ@)< AAQH@%®>R

when allocating resources to A. This biases the allocation of resources in the
desired way, making elements of a good covering more likely to reproduce.

This modified version of the endogenous fitness scheme was tested on the
6-bit multiplexor problem. The same parameters were used as before, except
that we used an increased value R = 5,000 to compensate for the change of
scale caused by using the hypergeometric probabilities in the computation of
p. Figure [3 shows that the selection pressure for a good covering does indeed
improve performance.

Figure @] shows that the performance improvements include a much better
capability to generate an efficient covering. The system reliably finds all of the

" This computation is made more efficient by noting that we will use at most N
different values of the factorial function. Accordingly, values can be computed once
using the log gamma function and stored in a table for retrieval on subsequent
function calls.
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Fig. 3. Performance of the improved covering algorithm on the 6-bit multiplexor

maximally general classifiers, and they rapidly establish a strong presence in the
population. Populations of this kind are comparable to what we expect from

systems like XCS.
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==> 1 (8,1000.0)

==> 0 (17,-1000.0)
==> 1 (23,1000.0)
==> 0 (21,1000.0)
==> 1 (16,-1000.0)
==> 0 (28,1000.0)
==> 1 (19,-1000.0)
==> 0 (9,-1000.0)
==> 1 (12,1000.0)
==> 0 (24,-1000.0)
==> 1 (16,1000.0)

==> 0 (25,1000.0)

==> 1 (19,-1000.0)
==> 0 (28,-1000.0)
==> 1 (17,1000.0)

==> 0 (20,1000.0)

==> 1 (24,-1000.0)

Fig. 4. Typical set of rules learned by the endogenous fitness scheme modified for

improved covering
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4.3 Arbitrary Reinforcement Schemes

Up to this point, we have focused on developing the endogenous fitness mecha-
nisms in a simplified setting. The system has only been required to learn to
distinguish between correct and incorrect responses given training experiences
that provide explicit information about response categories. Most reinforcement
learning problems, though, impose requirements that are much different. Gene-
rally speaking, a reinforcement learning problem forces a learning system to use
scalar rewards without any accompanying labels or supplemental information as
input. To put it simply, the system must learn to choose the action that results
in the most reward in a given situation. Any approach to solving reinforcement
learning problems that cannot meet this challenge is severely limited.

There is a fairly straightforward way to generalize the endogenous fitness
algorithm we have described to handle such arbitrary reinforcement schemes. The
key is to recognize that the system does not really need external guidance about
which reservoir, A (€) or A_(§),should be used to store a resource. Instead of
thinking in absolute terms about “good” or “bad” outcomes, we can think in
relative terms about “better” or “worse” outcomes given some reference level for
rewards. The average reward is an easily computed reference level we can use
for this purpose. When a reinforcement event involves above average reward, the
resource can be added to the A, (€) reservoir; otherwise, it goes to the A_ (&)
reservoir.

This idea suggests that we make the following changes to our implementation
of the endogenous fitness algorithm:

— Each classifier £ gets a new parameter 7(£) that estimates the average reward
available when ¢ is included in M. We have experimented with several ap-
proaches to computing 7(£). The most effective method so far computes it
as the sample average of the rewards received on “explore” trials. This com-
putation uses another new parameter v(£) that counts the number of times £
has been included in M on an “explore” trial. The 7(£) parameter is revised
using the simple update rule

(€)= { (m,l(s)uu;@)@))wzt £ 1) £ v 1(6)

me—1(&) otherwise

where R; is the reward at time ¢, mo(¢) = 0, and v5(§) = 0. In terms
of standard approaches to solving reinforcement learning problems, we can
think of 7(£) as an estimate for the utility of the states that £ is used in.
Note that it is not an estimate for the utility of &.

— The mean value of these estimates, weighted by likelihood, is used to deter-
mine the reference level for interpreting reinforcement events. More speci-
fically, we use the members of M to collectively estimate the utility of the

current state as
_ deM Ax(§)(E)

L S W)
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Fig. 5. Performance using the (1000,-1000) reward scheme

and determine if the current reward is above or below average by comparing
it to IT. When the reward is above average, the resource is added to A, (£).
When the reward is below average, it is added to A_(§).

— We linearly scale the resource R available on each time step to reflect how
much the reward deviates from average, using

R — 1|
R(0.5+ o

where ¢ is the range of the scalar rewards and represents the maximum
possible deviation (J is a system parameter that must be provided). This
scaling yields R/2 for average events and R for events involving a deviation
of size . Given two classifiers that are consistently associated with above (or
below) average rewards, this modification to R provides a modest selective
advantage to the classifier that is best (or worst).

All other aspects of the endogenous fitness algorithm remain the same, including
the aforementioned modifications for improved covering.

We conducted several experiments to determine if this generalized version
of the endogenous fitness algorithm can learn the multiplexor problem given
arbitrary reinforcement schemes that do not indicate correct or incorrect re-
sponses. Initially, we used two simple reinforcement schemes: a (1000,-1000)
reward scheme giving 1000 for right answers and -1000 for wrong answers; and, a
(1000,500) reward scheme. As shown in Figures Bl and [6, the performance of the
generalized endogenous fitness algorithm using these reward schemes is almost
identical the previous performance achieved using the covering enhancements
with explicit designations of correct and incorrect actions.
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Fig. 7. Performance using Wilson’s layered payoff landscape

A more challenging test is offered by Wilson’s [8] layered payoff landscape
for the multiplexor problem. This payoff landscape provides different rewards for
each set of eight strings that matches one of the maximally general classifiers.
The reward scheme for right and wrong answers associated with each set of
strings is summarized below:

000### ==> 0 (300,0) 10##0# ==> 0 (700,400)
001### ==> 1 (400,100) 10##1# ==> 1 (800,500)
o1#0## ==> 0 (500,200) 11###0 ==> 0 (900,600)
O1#1## ==> 1 (600,300) 11###1 ==> 1 (1000,700)
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Fig. 8. Performance on the 11-bit multiplexor

Figure [1 shows that the generalized endogenous fitness algorithm does learn
to solve the problem using this payoff landscape, though at a slightly slower pace
than the previous version. One factor contributing to this discrepancy is the way
we scaled resources. In this payoff landscape there is a different average payoff
for each set of eight strings. The payoff range in each set is 300. However, since
we used the overall payoff range of 1000 as 6 when we scaled resources, reservoir
levels were increased in increments less than R on each time step. This means
it takes longer for reservoir levels to exceed their threshold for reproduction
and, consequently, longer for the system to learn how to solve the problem. An
additional complication is introduced by the presence of overgeneral rules, which
can distort estimates of the state utility II. These effects all need to be examined
more carefully, and are an important topic for further research.

As a final test, we looked at the performance of our system on the more
difficult 11-bit multiplexor problem. The only change we made to the system is
to use a larger population size N' = 800. Figure [ shows the performance using
the (1000,500) reward scheme. The system solves the problem after about 12,000
input strings, which is consistent with results reported for XCS [§]. Figure @
shows that the system generates a population full of maximally general classifiers
as we would expect.

5 Summary

The results presented here are modest and preliminary. However, they stron-
gly suggest that endogenous fitness schemes like those described in this paper
are worth further investigation. Many important research issues remain to be
investigated, particularly those related to multi-step reinforcement learning pro-
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Fig. 9. Typical set of rules learned for the 11-bit multiplexor

blems involving delayed rewards. While more experiments are needed to build
our intuitions about how this approach can be used, the most important thing
to do is formally analyze how the fluctuations in reservoir levels are translated
into reproduction rates. That kind of understanding is vital if these schemes are
ever to become reliable approaches for building classifier systems. Our current

0000#######)
0000 ##it#it##)
000 1#######)
000 1#######)
001 #O######)
00 1#O#H##i#t##)
001 #1######)
00 1# 1 ##t##t##)
O10##0#####)
O 10##0####4#)
O10## 1 #####)
O10## 1 #####)
O11###1####)
O11### 1 ####)
O11###O####)
O11###O#H###)
100####0###)
100#### 1 ###)
101 #####0##)
101 #####0#4#)
101 ##### 1 ##)
11O######1#)
110######1#)
110#####H#0#)
11O#####HO#)
1118 ####1)
11 1#######1)
11 1#######0)
11 1#######0)

P ORrOFRPROFRORPOFLROFRORORPROFRLROFRLOROROHRDO

(28,1000.0)
(13,500.0)
(19,500.0)
(47,1000.0)
(44,1000.0)
(9,500.0)
(14,500.0)
(35,1000.0)
(22,1000.0)
(13,500.0)
(13,500.0)
(32,1000.0)
(15,500.0)
(23,1000.0)
(30,1000.0)
(10,500.0)
(34,1000.0)
(18,1000.0)
(29,1000.0)
(13,500.0)
(22,1000.0)
(12,500.0)
(30,1000.0)
(33,1000.0)
(12,500.0)
(9,500.0)
(35,1000.0)
(43,1000.0)
(13,500.0)

research efforts are focused on conducting that analysis.
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Abstract. Wilson’s XCS is a clear departure from earlier classifier sy-
stems in terms of the way it calculates the fitness of classifiers for use
in the genetic algorithm. Despite the growing body of work on XCS and
the advantages claimed for it there has been no detailed comparison of
XCS and traditional strength-based systems. This work takes a step to-
wards rectifying this situation by surveying a number of issues related to
the change in fitness. I distinguish different definitions of overgenerality
for strength and accuracy-based fitness and analyse some implications
of the use of accuracy, including an apparent advantage in addressing
the explore/exploit problem. I analyse the formation of strong overge-
nerals, a major problem for strength-based systems, and illustrate their
dependence on biased reward functions. I consider motivations for biasing
reward functions in single step environments, and show that non-trivial
multi step environments have biased Q-functions. I conclude that XCS’s
accuracy-based fitness appears to have a number of significant advanta-
ges over traditional strength-based fitness.

Keywords: strong overgeneral classifiers, biased reward functions, accuracy-
based fitness, XCS, complete covering maps, exploration

1 Introduction

Learning Classifier Systems (LCS) are a class of domain-independent learning
production systems suitable for both supervised learning and Reinforcement
Learning (RL). The LCS is most strongly characterised by control being distri-
buted among a population of condition-action rules (called classifiers) which are
incrementally re-evaluated by a learning mechanism and dynamically generated
and deleted by a search mechanism. Traditionally the learning mechanism has
been the Bucket Brigade algorithm (see []), but more recently a related algo-
rithm called Q-learning (see [I0]), which is very popular in some other types
of reinforcement learning systems, has been incorporated. Typically the search
mechanism in an LCS is a Genetic Algorithm (GA — see [g]).

Reinforcement learning environments are either single step, in which case the
learner’s actions have no influence on which states it encounters in the future,

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS’99, LNAI 1813, pp. 143-[160, 2000.
© Springer-Verlag Berlin Heidelberg 2000
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or multi step, in which case they do. Multi step environments are more difficult
as the learner has to consider the long term effects of its actions if it is to learn
to behave optimally. (Multi step environments are also more likely to involve
sparse and/or delayed rewards, which tend to make learning more difficult.)
In reinforcement learning we define a reward function to provide feedback on
the quality of the learner’s actions. The reward function associates a number
with each possible state/action combination in the learning environment. The
goal of the learner is to obtain as much reward as possible, and the reward
function is where we indicate to it what we want done. Each rule in an LCS has
a strength parameter which is updated towards the rewards it receives from the
environment, and is (roughly) an estimate of the reward the system will receive
if it is used. When rules advocate conflicting actions their strengths are used in
conflict resolution.

LCS have traditionally been strength-based, meaning that the strength of a
rule is also used as its fitness in the GA. Like traditional systems, Wilson’s XCS
calculates the strength of rules and treats them as predictions of the reward the
system will receive if they are used. However, XCS differs from these systems
in its use of accuracy-based fitness, in which the fitness of a rule is based on
the accuracy with which it predicts the reward the system will receive if it is
used. We could say that this bases fitness on the consistency of a rule’s strength
over time, as rules with consistent strengths have converged to predict a parti-
cular value, and so make accurate predictions of it (and so are fit). Rules with
persistently varying strength are being successively updated towards different
rewards (because they are overgeneral), and so make inaccurate predictions of
them (and so are unfit). Section Plhas some examples.

The creator of XCS, Stewart Wilson, motivates the switch to accuracy-based
fitness in [I], but this is the only discussion in the literature and a comparison
of the two approaches has been lacking. A better understanding of the two
approaches is important for a number of reasons. First, there is evidence that
traditional strength-based fitness is unsuitable for some multi step environments
[112]. Second, there is a growing body of evidence that accuracy-based fitness
is suitable for multi step environments (e.g. [13]). Third, XCS has generated
considerable interest and has become a major focus of LCS research (look at the
proceedings of GECCO-99). Fourth, advantages of accuracy-based fitness have
been claimed, including better (even optimal) generalisation (and consequently
smaller population sizes), and complete mappings from inputs and actions to
reward predictions [1J4]5]. Fifth, I suggest later in this work that XCS also has
important advantages in handling the explore/exploit dilemma, and what I've
called strong overgeneral rules. Sixth, in addition to its apparent advantages,
XCS may have a disadvantage in terms of the population sizes it requires.

A consequence of accuracy-based fitness which soon becomes apparent is that
all accurate (consistent) classifiers are maintained in the population. This inclu-
des both those which are consistently high rewarding and those which are con-
sistently low rewarding. In contrast, strength-based fitness (ideally) only main-
tains those classifiers which are consistently high rewarding. As a consequence,
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it seems the size of the population needs to be larger if we use accuracy-based
fitness, which is a disadvantage as it requires more computational power. Why
would we want to maintain classifiers which have consistent strengths but which
consistently receive low rewards?

Despite the attention XCS is receiving, understanding of the differences bet-
ween it and other LCS is limited. Although it has much in common with the
earlier minimalist ZCS, XCS is a complex system and it is not fully clear how its
features interact. The work presented here is part of an ongoing effort to under-
stand the consequences of adopting different approaches to fitness calculation.
A number of issues have been identified, but none thoroughly examined. Much
of this work is speculative and needs not only further theoretical development
but empirical validation.

To simplify the comparison of strength and accuracy-based fitness I looked
at systems which were as similar as possible. I did this by starting with XCS and
making the minimum changes required to convert it to a strength-based system.
This involved a number of relatively minor changes to get the system to work
in practice, but left the architecture of the system unchanged. This approach
was necessary because there are a number of differences between XCS and other
LCS, and I wanted to factor the others out and study only the difference in the
fitness calculation. (I've focused on the accuracy-based fitness of XCS to the
exclusion of its other valuable features.) In my strength-based system, a rule’s
fitness is simply its strength, which, in single step environments, is calculated
using the delta rule: ;41 < s; + B(R¢ — s¢) where s; is the strength of rule s at
time ¢, 0 < B < 1 controls the learning rate, and Ry is the environmental reward
at time ¢. Updates occur for all classifiers in [A], the set of rules matching the
current input and advocating the action chosen by the system. In multi step
environments the strength update is the Q-learning update adapted for LCS:
Se41 ¢ 8¢ + B(Ry + ymaxg Plg 41y — 8t) where 0 < < 1 is a discount factor
controlling the value placed on future rewards and max, P(4,+41) is the highest
value associated with any action a on the following time step. The same updates
are used in XCS, although XCS goes on to derive various other parameters from
strength (see [1J6] for details).

The resulting strength-based system resembles Wilson’s earlier ZCS [7] —
indeed the strength calculation is almost equivalent — although a few minor
differences remain. Unfortunately space does not permit consideration of other
types of strength-based LCS, but hopefully much of the analysis will be more
broadly applicable. Note that both the strength and accuracy-based systems
considered here are Michigan type LCS, both use the same delta rule/Q-learning
updates (rather than the older Bucket Brigade algorithm), neither uses any form
of tax (though they use discounting in multi step environments), classifier bids
are not deducted from their strengths, and that XCS does not support default
hierarchies (see, e.g., [§]) because they involve inherently inaccurate classifiers.
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2 Strength-Based Fitness

Before comparing strength and accuracy-based systems let us define some terms
and look at some known problems with strength-based systems to further our
understanding of them. First some terms. For strength-based systems, a classifier
is correct when, in a given state, it advocates the best action, and incorrect when
it advocates any other action. In single step environments the best action is the
one which returns the most immediate reward, while in multi step environments
the best action is that which leads to the most reward in the long run. Now for
two problems which LCS researchers have been aware of for many years:

Overgeneral rules For strength-based systems let’s define an overgeneral rule
as one which matches in multiple states and is incorrect in some. E.g. an
overgeneral which matches 10 states may be correct in as many as 9 or as
few as 1. Even overgenerals which are most often correct are (by definition)
sometimes incorrect, so using them can harm the performance of the system.

Greedy classifier creation Often the reward function will return different rewards
for correct actions in different states, e.g. one classifier might receive a reward
of 50 for acting correctly, while another might receive a reward of 100 for
acting correctly. Classifiers which receive more reward from the environ-
ment have higher strength/fitness and so are more likely to be selected for
reproduction than classifiers which receive less reward. If this tendency to
reproduce fitter classifiers is too strong then there may be gaps in the sy-
stem’s “covering map”, i.e. there may be lower reward states for which the
system has no applicable classifiers. When the system encounters such states
it must invent new rules on the spot, which results in poor performance (at
least in the short term).

Cliff and Ross [2] showed that the strength-based ZCS can have serious diffi-
culty even with simple multi step environments. They attributed ZCS’s difficul-
ties to the two problems above, and, in particular, to their interaction:

Interaction: strong overgenerals The problems of greedy classifier creation and
overgeneral rules interact when an overgeneral rule acts correctly in a high
reward state and incorrectly in a low reward state. Using traditional strength-
based fitness, the overgeneral will always have higher strength than a correct
rule which applies only in the lower reward state. This can cause two pro-
blems when rules compete. First, because action selection is done on the
basis of strength the overgeneral rule will have more influence in the low
reward state, despite being consistently incorrect there. Second, greedy clas-
sifier creation means that the overgeneral rule is more likely to be selected for
reproduction, so the consistently correct rule may die out entirely. I've called
this interaction effect the problem of strong overgenerals as Cliff and Ross
did not give it a name. Strong overgenerals are disastrous for the system’s
performance because of their effects on rule competition.



Strength or Accuracy? Fitness Calculation in Learning Classifier Systems 147

State Action Reward State Action Reward
0 0 1000 |c 0 0 1000 |c
0 1 0 0 1 0
1 0 0 i 1 0 0 i
1 1 1000 a 1 1 200 a

Fig. 1. Unbiased reward function (left) and biased reward function (right).

Classifier Condition Action E[Strength]| |Classifier Condition Action E[Strength]
A 0 0 1000 A 0 0 1000
B 0 1 0 B 0 1 0
C 1 0 O C 1 0 0
D 1 1 1000 D 1 1 200
E # 0 500 E # 0 500
F # 1 500 F # 1 100

Fig. 2. Expected strengths of all possible classifiers for the two functions.

Although CIliff and Ross discussed these problems with respect to the multi
step case, they clearly also apply in the single step case, although not as se-
verely as there is no possibility of disrupting sequences of actions in the single
step case. Strength-based LCS have traditionally had some success with single
step environments but relatively little with multi step environments. We might
attribute the difference to the greater severity of the above problems in the multi
step case. However, strength-based systems can also perform poorly in simple
single step environments, a problem which Cliff and Ross did not discuss.

Let’s extend the analysis of Cliff and Ross to see in which environments
these problems can occur. First, for strength-based systems I define a strong
overgeneral as an overgeneral rule which has greater strength than some correct
rule with which it competes for action selection and/or for reproduction. Two
conditions must be met for strong overgenerals to emerge: i) at least two states
must return different rewards (so that we can have a high reward and a low
reward state), and (trivially) ii) it must be possible to act incorrectly in a lower
reward state (i.e. there must be more than one action available) so that having
strong overgenerals makes a difference to the learner’s performance.

The reward returned for acting in a state is defined by the experimenter’s
reward function. Figure[Ildefines two reward functions for a simple environment:
the binary state, binary action identity function. We’ll call a reward function
unbiased if all correct actions return the same reward regardless of state. The
reward function on the left is unbiased. The one on the right is biased: different
rewards are received for acting correctly in different states.

Figure 2] shows all possible classifiers for our example environment using
the standard classifier representation. A & D always respond correctly, B & C
always respond incorrectly, and E & F are overgeneral, responding correctly in
one state and incorrectly in the other. If we use the XCS strength update and
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assume that states and actions are chosen equiprobably we obtain the expected
strength values shown for the classifiers using the two reward functions. Using
the biased reward function E is a strong overgeneral: despite being incorrect half
the time it has higher strength than D (which is always correct)

Having a biased reward function can lead to the problems of greedy classifier
creation and strong overgenerals which Cliff and Ross discussed, but it is difficult
to determine just when these problems will occur, and how serious they will
be, because there are many factors involved. The degree of bias in the reward
function is certainly an important factor. Let’s begin a simplified analysis by
labelling the rewards in figure [ from the overgeneral rule’s perspective. Let ¢
be the reward when the overgeneral acts correctly (state 0 action 0 in the biased
reward function), ¢ the reward when acting incorrectly (state 1 action 0), and
a the reward for the accurate rule which applies only in the lower reward state
(state 1 action I)E

Now let’s see what reward functions will cause E to be a strong overgeneral.
Assuming E is updated towards ¢ and ¢ such that its strength is the average
of the two (which is an oversimplification), it will be a strong overgeneral if
(c+1) / 2 > a. Solving for ¢ yields: ¢ > 2a — 4. If we use the values of 0 and 200
for ¢ and a as in the biased reward function then ¢ > 400 will result in E being
a strong overgeneral.

Clearly the rewards defined by the reward function play a major role in
determining whether strong overgenerals are possible. Unfortunately, the above
analysis is a gross oversimplification of more realistic learning problems, in which
it can be very difficult to determine how much of a problem strong overgenerals
are likely to be. Many factors are involved, including:

the reward function - what the relationships between all possible ¢, i and «a
triplets are.

the classifiers - they often apply in many states, not only two which in isolation
make strong overgenerals possible.

the explore/exploit policy - RL systems need to balance exploration of new pos-
sibilities with exploitation of existing knowledge. The strategy adopted af-
fects how often classifiers are updated towards their different rewards.

the frequency with which given states are seen - in the single step case this de-
pends on the training scheme, and on the learner and the environment itself
in the multi step case.

the selection mechanisms - how high selective pressure is in reproduction and
deletion.

the fitness landscape - to what extent strong overgenerals compete with
stronger correct rules.

! We could have simplified the example somewhat by defining only action 0 for state
0. Action 1 has no effect on the development of strong overgenerals in this example.

2 Note that ¢ and a need not be associated with the same state in order to produce a
strong overgeneral. If a panmictic GA is used, competition for reproduction occurs
between all rules in the population.
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As a simple example of these factors, an overgeneral might act correctly in
10 states with reward ¢ and incorrectly in only 1 with reward 4, so its strength
would be more like (10c + ¢)/11, and it would be a strong overgeneral if this
value exceeded some a. Similarly, it might match in 10 states with reward ¢ and
only 1 with reward c.

Although the complexity of the issue makes a more complete analysis difficult
it should be clear that the nature of the reward function is an important factor
in determining the prevalence of strong overgenerals, and that they are not
uncommon.

In the mainstream RL literature strength-like values are often stored using
look-up tables with an entry for each state/action pair. Such tabular systems are
relatively insensitive to the form of the reward function, which may account for
the lack of attention this subject has received in the mainstream RL literature.
Strength-based LCS, however, are clearly sensitive to the form of the reward
function, an important difference between them and tabular reinforcement lear-
ners. It is curious that the form of the reward function has not received more
attention in the LCS literature given their sensitivity to it.

2.1 Multi Step Environments

In single step environments a reinforcement learner approximates the reward
function defined by the experimenter, which is in principle enough to maximise
the reward it receives. In multi step environments, however, consideration of the
reward function alone is not sufficient, as it defines immediate reward (the reward
on a given time step) only. In multi step environments the learner’s actions
influence the state of the environment and hence which rewards it may receive in
the future. Consequently the learner must take into account future consequences
of current actions if it is to maximise the total amount of reward it receives over
multiple time steps. Q-learners do so by learning a @Q-function (also called an
action-value function) which maps state/action pairs to an estimate of their
long term value (called their Q-value). (Q stands for quality of the state/action
pair.) The value of a state is the value of the best action for that state, i.e. the
state/action pair with the highest Q-value. The Q-value of a state/action pair
is updated towards the immediate reward it receives plus some fraction of the
Q-value of the state which follows it — see the update shown in section[Il (We say
the value of the following state is discounted and passed back to its predecessor.)
In this way a state/action pair which receives an immediate reward of 0 will have
a Q-value greater than 0 if the state it leads to has a Q-value greater than 0.
Discounting is illustrated in a simple environment in figure Bl which shows the
immediate reward R and the Q-value Q for each state transition assuming a
discount rate « of 0.9. Knowledge of the true Q-function for an environment is
sufficient to act optimally by simply taking the action with the highest associated
Q-value.

In an LCS using Q-learning the approximated Q-function is represented by
classifiers whose strengths are Q-values. Classifier systems have traditionally
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= R=0 R=0
Q=50.05 Q=6561 Q=729 Q=81 Q=90 Q=100

Fig. 3. A simple multi step environment showing immediate rewards R and Q-values Q
for state transitions using v = 0.9. M is the start state and the square state is terminal.

used the Bucket Brigade algorithm rather than Q-learning, but they both pass
values back, and they have the same need for discounting.

The discount rate v controls how much consideration the system gives to
future rewards in making decisions. At v = 1.0 no discounting occurs, and the
system will learn the path which results in the most reward, regardless of how
long the path is. This is often not what we want. For example, being paid £5 a
year from now is not as desirable as being paid £5 today. If we used v = 1.0 in
figure B then both the ¢ and a transitions would have Q-values of 100 and the
system would be unable to choose between them. At the other extreme, if we
set v to 0.0 the system will be shortsighted and take no interest in the future
consequences of its actions. This is often undesirable, as it would lead the system
to choose £5 today rather than £1000 tomorrow. In figure[3, v = 0.0 would give
1 and a Q-values of 0, and again the system would be unable to choose between
them. Typically we will want to set 7 to some value between 0 and 1 in order to
give possible future rewards a suitable weighting.

Passing values back from one state to another is necessary for the system
to take future consequences of its actions into account. Discounting of these
values is necessary for the system to find shorter paths through the state space.
However, passing values back and discounting tend to produce one of the two
criteria for the production of strong overgenerals: a biased Q-function. Figure 3]
demonstrates this effect. Notice that even though there are only two different
immediate rewards (R is either 0 or 100), there are many Q-values. Even though
the reward function has only two different rewards for correct actions (and so
is biased) the @Q function has many different rewards for correct actions (and so
has more biases than the reward function).

The other criterion for the formation of strong overgenerals, that it be pos-
sible to act incorrectly, is met in all non-trivial environments, specifically, in all
environments in which we have a choice of alternative actions in at least one
state. Let’s look at some examples. Imagine the situation where an overgene-
ral matches in state R and advocates a transition to the terminal state, and
also matches in Q and advocates an incorrect (suboptimal) transition to Q'.
Additionally, a different, correct, rule matches only in state Q and advocates
the correct transition to state R. Assigning the Q-values from the transitions so
labelled to ¢,i and a in the inequality (¢ + 7)/2 > a we saw earlier we obtain
(100 + 81)/2 > 90 or 90.5 > 90. In other words, the overgeneral is a strong
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overgeneral as it has strength 90.5 which exceeds the correct rule’s strength of
90. This demonstrates that strong overgenerals can be obtained even with very
short sequences of states.

If the reward received at some state s is R(s), discounting results in R(s)y
being passed to the state preceding s. More generally, a state n steps ahead of s
receives R(s)y™ from s. If we rewrite a as ¢y™ and i as ¢y where n and m are
integer distances of a and i from ¢, we have (¢ + ¢y™)/2 > ¢y™. This expression
is true for any ¢ > 0 aslong as 0 < v < 1 and n > 1. In other words, according to
our approximate expression, any discounting will produce a Q-function capable
of supporting strong overgenerals in this environment. Of course our calculations
have been greatly oversimplified, but it should be clear that all but the simplest
multi step environments can support at least some strong overgenerals.

Now let’s look at another example, in which the overgeneral matches in states
R and M, and the correct rule matches only in state M. We now use the Q-values
labelled @’ and 4’ for a and 7 in (¢ +i)/2 > a and obtain 76.56 > 59.05. Notice
that in this example the overgeneral acts incorrectly farther from the goal than
in the first example, but its strength exceeds the threshold required of a strong
overgeneral by a greater amount. The farther ¢ and a are from the goal, the
stronger the strong overgeneral will be, compared to the correct classifier. Notice
also that the farther 7 and a are from the goal, the easier it is to produce strong
overgenerals because there are more state transitions in which ¢ can occur and
gain enough strength to produce a strong overgeneral.

2.2 Summary of Strength-Based Fitness

To summarise, strength-based classifier systems:

— allocate rules in proportion to the (estimate of the) reward (or, in multi step
environments, Q-value) associated with a state/action pair.

— This introduces the problem of greedy classifier creation.

— can produce overgeneral classifiers which are stronger than some correct ones
with which they compete.

— Despite being unreliable, strong overgenerals have more influence and
better chances of survival than some correct rules with which they com-
pete.

— It can be difficult to predict just how much of a problem this will be.

— do not seem suitable for single step environments with immoderately biased
reward functions as many strong overgenerals will arise in them. The more
biased the reward function, the more difficulty the system will have.

— do not seem suitable for non-trivial multi step environments as many strong
overgenerals will arise thanks to inherent biases in Q-functions.

3 Why Bias the Reward Function?

The reward function is the means by which we define the goals of our lear-
ning systems when we design reinforcement learning experiments (see [I0]). The
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reward function is part of the definition of the problem; choosing different reward
functions results in different learning problems. The trick is to choose a reward
function which results in the desired behaviour. Given that the experimenter
defines the reward function, potential problems with biased reward functions
can be avoided by using unbiased ones (or only slightly biased ones). Why use
biased reward functions if they can cause problems for strength-based system?
One plausible reason to bias the reward function is to get the system to allo-
cate more resources (classifiers) to more important parts of the environment.
For example, we might consider the detection of an impending meltdown to be
more important than optimising the output of a reactor. This is analogous to
giving more weight to minimising errors over parts of a training set in a neural
network. Seen in this light, the problem of greedy classifier creation from section
Rlis really a useful feature rather than a harmful bug. A rule allocation bias only
becomes a problem when it becomes too extreme and causes gaps to appear in
the covering map. In any case, if we’re really concerned with gaps in the covering
map we should be able to modify our rule allocation algorithms to ensure they
don’t occur. We could, for example, only delete a rule if all the states it matches
are also matched by some other rule (or rules).

Even if greedy classifier creation is not a problem biased reward functions
may still result in strong overgenerals. If we want to avoid biasing the reward
function, we may be able to achieve the same effect on rule allocation by varying
the frequency with which individual states are encountered, so that more impor-
tant states are presented more frequently. In single step environments we may
have complete control over which states are visited. In multi step environments,
however, the agent and environment determine which environmental states are
encountered, not the experimenter. When we cannot control the environment
we may be able to record experiences and play them back in simulation with
a frequency bias towards more important ones. Alternatively, we could split
the classifiers into multiple subpopulations, each with a different size limit, and
assign each to a subset of environmental messages. More important parts of
the environment would get larger subpopulations. This makes the system more
complicated, but has the advantage of allowing the use of domain knowledge to
generalise a priori by limiting the input to each subpopulation (see [1112]). A
third alternative is simply to define a weighting function for each state/action
pair, and to modify the system to take it into account when allocating rules.

In multi step environments we generally end up with a biased Q-function as
a result of backing up values with Q-learning, regardless of whether our reward
function is biased. There is an additional need to purposely bias the reward
function in multi step environments because the learner’s actions affect which
states it will see in the future. If we define multiple goals we need to tell the
learner about their relative importance, so it knows which goals to pursue if it
must choose between them. The effect of discounting is to introduce a bias in
rule allocation towards states which are closer to a source of reward. It is not
clear to me whether this bias is desirable or not. (Wilson makes this same point
in [7] in section 5.3.)
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4 Accuracy-Based Fitness

Information on the accuracy of rules has been used in primarily strength-based
systems (see [I] for a review), but the only fully accuracy-based LCSs are Wil-
son’s XCS and Frey and Slate’s system [13]. Although the latter is significant
this analysis is based around XCS.

A theme running through this paper has been the effects the form of the
reward function have on classifier systems. In the preceding sections we’ve seen
that strength-based systems are very sensitive to bias in the reward function, that
biases are very common, and even some reasons why we may want to introduce
them. We’ve also seen that biases in the reward function can result in strong
overgenerals in strength-based systems.

A very important property of XCS’s accuracy-based fitness calculation is that
such biases do not result in strong overgenerals which dominate the system. In
this sense XCS is insensitive to bias in the reward function. Before we see why,
let’s reconsider some definitions.

4.1 Different Definitions of Overgenerality

I use different definitions for overgeneral rules to match the different objectives
of the two types of LCS. Using the strength-based definition an overgeneral
is a rule which matches in multiple states and is incorrect in some. However,
for accuracy-based fitness I define an overgeneral rule as one which is updated
towards sufficiently different values in different states. The values must be “suffi-
ciently” different because the reward for a given state/action may be noisy, and
in any case it may be desirable to consider generalisations over state/actions
with different values to be accurate. This tolerance for differences in values is
present in XCS in the form of various parameters of the classifier update rules.
The definition of strong overgenerality also differs for accuracy-based systems:
a strong overgeneral is an overgeneral which has greater strength than some ac-
curate rule with which it competes for action selection, or greater fitness than
some accurate rule with which it competes for reproduction.

XCS seems to deal well with overgenerals because, by definition, they are
updated towards different values and so have low accuracy and low fitness. Fur-
ther, it seems strong overgenerals have particular difficulty because overgenerals
have lower fitness than their accurate competitors. Preliminary empirical results
(not shown) support these statements, but more thorough tests are needed.

Our two definitions of overgenerality match differences in how the two types
of system treat certain rules. Under accuracy-based fitness generalisation is sen-
sitive to the magnitude of Q-values; in fact, it is differences in Q-values which
limit generalisation (since a rule is only fit if its strength is sufficiently consi-
stent). But under strength-based fitness generalisation has no such limitation.
Let’s look at some examples.

Suppose the reward function is biased in such a way that a rule receives the
same reward when acting correctly in one state and incorrectly in another. We
obtain this situation if we modify the reward function on the left of figure [l so
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that state 1 returns rewards of 1000 and 2000 for actions 0 and 1. Now rule E
is overgeneral according to the strength definition (as it is correct in state 0 but
incorrect in state 1), but not overgeneral according to the accuracy definition
(as its strength is updated towards the same value and so is consistent).

As another example, a rule which matches in states O and P in figure [ will
be updated towards two Q-values (72.9 and 81) and its strength will oscillate
somewhere between these values. With fitness based on strength this rule will
have a reasonable fitness compared to others in this environment. But with
fitness based on accuracy, the oscillations may result in low fitness — whether
they do depends on the level of tolerance for oscillations in strength.

Although accuracy-based fitness is not susceptible to one effect of biases in
the reward function (strong overgenerals), it is still very sensitive to the form of
the reward function because it can only generalise over state/action pairs whose
Q-values differ by some tolerable amount [ Strength-based fitness does not have
this limitation: syntactic limitations notwithstanding, strength-based classifiers
are free to match any and all states for which their action is optimal. So strength
has an advantage in that it can express more useful generalisations than accuracy.
Unfortunately, strength-based classifiers are also free to match states for which
their action is suboptimal, and, in standard strength-based systems, there seems
to be nothing preventing them from doing so — they are free to be overgeneral.

In strength-based systems the idea seems to be that these overgenerals will
become the default rules in default hierarchies; that their inappropriate beha-
viour will be overriden by more specific exception rules.

4.2 Different Goals, Different Representations

Although the difference in fitness calculation between strength and accuracy-
based LCS may seem minor it has profound implications. One is the form of
the covering map of classifiers the system maintains. Strength-based systems,
due to greedy classifier creation, tend to allocate more rules to higher rewarding
states, and to higher rewarding actions within a state. In effect they attempt
to find rules which advocate the best (i.e. highest rewarding) action for each
state and in the extreme case each state would only have a single action (its
best) advocated by some rule(s). Let’s call this extreme case a best action map.
(Note that best action maps do not entail gaps in the covering map, as the
latter involve states with no matching classifiers at all.) In practice, however,
strength-based systems only tend towards best action maps — often for a given
state there is more than one matching classifier. We could say they maintain
partial maps. The important point is that there tend to be states with (typically
low-rewarding) actions unadvocated by any classifier. Since the action selection
mechanism can only make an informed choice between advocated actions, the
tendency towards a best action map means the rule allocation mechanism has a
hand in action selection. Best action maps are in a sense ideal as they represent

3 This seems a limitation of dynamic programming based systems rather than of XCS
or LCS per se.
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the solution with a minimal number of rules, but this doesn’t imply partial maps
are an ideal representation for finding solutions — see sections [l and

In contrast to the partial maps of strength-based systems, the idea in XCS
is to find a population of rules such that each action in each state in advocated
by at least one rule. Wilson calls this a complete map, and has noted that it
resembles the representation of a tabular learner more closely than does a partial
map [1]. When all actions are advocated, it is left entirely to the action selection
mechanism to decide which action to take; the rule allocation mechanism is
dissociated from action selection. This is consistent with the role of the GA in
XCS, which is only to search for useful generalisations over states.

4.3 Different Population Size Requirements

There are several reasons why we might think strength-based systems should
require fewer rules to solve a problem. First, as discussed in section[£2] strength-
based systems support partial maps, which involve fewer rules than the complete
maps of accuracy-based systems. A complete map will be n times larger than
a best action map for the same environment, where n is the number of ac-
tions available. In practice, however, the difference will be less as strength only
tends towards best action maps. Second, as we saw in section BT, strength-based
systems can express more useful generalisations than accuracy-based systems.
Third, accuracy cannot support normal default hierarchies because default hier-
archies involve classifiers which are inherently inaccurate[d

However, XCS may have an advantage in being better at generalising than
other LCS. According to Wilson’s Generalization Hypothesis [1] there is a ten-
dency in accuracy-based XCS for the more general of two equally accurate rules
to reproduce more. This results in a tendency to evolve maximally general rules:
rules which cannot be made more general without becoming inaccurate. These
accurate, general rules form a compact representation of the learned solution
to the problem environment. Consequently, XCS seems to be able to evolve po-
pulations which are smaller than those of standard strength-based systems. In
fact, in [4] XCS consistently evolved optimal solutions for boolean (multiplexer
and parity) functions. These are solutions which are complete (cover all parts of
the input/action space), non-overlapping (no part of the space is described more
than once) and minimal (the minimal number of non-overlapping rules is used).
With minor extensions XCS was able to extract the optimal solutions from the
general classifier population.

It is not clear at present how the population sizes of the two types of system
compare in practice, or whether the better generalisation of XCS is exclusive to
its accuracy-based fitness. It may be possible to achieve similar success at gene-
ralisation in strength-based systems, at least on some tests. Limited comparisons
(not shown here) using the 6 multiplexer test showed smaller population sizes

4 Tt should be possible for accuracy to use classifiers with multiple conditions which
form their own internal default hierarchies. However, it is not clear to me that this
would improve the system.
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using accuracy. However, this test has only two actions in each state. Strength-
based systems may scale better than accuracy as the number of actions increases
because of their partial mappings.

In any case, population sizes may not be terribly important. Memory is cheap,
and since the differences in population size should be relatively small, so would
be the differences in processing power required.

4.4 Accuracy and Biased Reward Functions

In section [3] we saw that we might actually want to bias the reward function
in order to allocate more rules to more important parts of a problem. However,
we can’t do this with XCS because it doesn’t share strength’s rule allocation
bias towards state/action pairs with higher rewards. XCS bases fitness on the
accuracy (consistency) of strength rather than strength’s magnitude, so, for ex-
ample, a classifier which accurately predicts a reward of 0 will be as fit as one
which equally accurately predicts a reward of 100. So there is no point in using
a biased reward function with XCS — in fact, it’s easier for XCS to generalise
if the reward function is unbiased because differences in rewards limit the gene-
ralisations which can be made (section ETl). However, we also saw in section Bl
that we should be able to bias the allocation of rules in other ways, and these
should apply to XCS as well as other LCS.

In multi step environments Q-learning almost always produces a biased Q-
function. This affects the generalisation an accuracy-based system can do, but
XCS appears to work well in multi step environments nonetheless (as demon-
strated in a number of (admittedly simple) environments in, e.g., [IJ3]).

In section [3] I suggested that we might need to bias the reward function in
multi step environments in order to give different goals relative importance. Alt-
hough XCS doesn’t bias rule allocation according to the reward function, action
selection is still (essentially) done on the basis of strength, not accuracy-based
fitness. Thus, XCS can distinguish between high and low rewarding actions, high
and low priority goals, and find shortest paths to goals.

4.5 Summary

Accuracy-based fitness:

— does not allocate rules in proportion to the reward (or Q-value) associated
with state/action pairs (unlike strength-based fitness).

— so we can’t bias rule allocation by biasing the reward function.
— but we can still bias rule allocation in other ways.

— appears to deal well with overgeneral and strong overgeneral rules. Con-
sequently, unlike strength-based systems, it seems suitable for multi step
environments and single step environments with highly biased reward func-
tions.

— cannot express all the useful generalisations which strength can, but, unlike
strength, can distinguish between accurate and overgeneral rules.
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— tends to maintain both consistently correct and consistently incorrect clas-
sifiers. This constitutes a complete covering map.

— may require larger populations than strength because of the complete map,
a restricted ability to express useful generalisations and a lack of default
hierarchies. However, its better generalisation may offset this.

5 Rule Allocation Reconsidered

In section [3] T suggested we might want to bias the reward function in order to
bias rule allocation. But do we really want to bias rule allocation according to
the reward or Q-function? The goal of any reinforcement learner is to maximise
the reward it receives, so a rule’s importance is determined by its contribution
to obtaining reward. This means rules which lead to higher rewards are more
important. But rules can contribute indirectly to maximising reward, so the
importance of a rule is not the same as the desirability of taking the action it
advocates. Surely rules which can save us from disasters are also important; as
well as knowing what to do, we may need to know what not to do.

For example, a robot might have a rule whose use would lead it to fall down
a flight of stairs and damage itself. We definitely do not want to take the action
advocated by this rule, so we associate a very low reward (or, equivalently, a large
negative reward) with this outcome. At the same time, however, we definitely
do not want the robot to forget this rule, because it is very important not to
forget the consequences of its use. Not all environments have disasters like this,
but some do.

Avoiding disasters seems like an extreme case of the more general problem of
managing exploration After all, once we’ve learned to behave satisfactorily in
our environment we no longer need to remember what not to do — all we need is
to remember what to do. It’s only when exploring — when there is some chance
of taking what appears to be a suboptimal action — that we need to explicitly
guard against taking very suboptimal actions.

But it is not only when there are potential disasters to avoid that we can
benefit from keeping track of suboptimal actions. Rules may well appear sub-
optimal and yet if we haven’t tried them (and the alternatives) sufficiently we
can’t be sure they really are suboptimal. A single trial is sufficient in determi-
nistic single step environments, but in other cases many trials may be needed
to find a good estimate of the true value of the rule. Exploration control is ex-
tremely important to efficient reinforcement learning, particularly in multi step
environments, because inefficient exploration can be very wasteful of trials.

Recall that a complete map contains both consistently correct and consi-
stently incorrect classifiers. However, maintaining consistently incorrect classi-
fiers in the population does not mean we have to take an incorrect action each

5 In reinforcement learning there is a tradeoff between exploiting current knowledge
of the environment and exploring the environment so that we might exploit it better
in the future. This is often referred to as the explore/exploit dilemma.
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time one is applicable. In fact, quite the opposite is true. If a classifier is consi-
stently incorrect, this suggests we should not take the action it advocates. If we
did not keep this consistently incorrect classifier in the population, how would
we know it was a bad idea to take its action? If we delete it, we have no record
of the utility, or lack thereof, of taking that action in that state, and we might
be tempted to try the suboptimal action again and again in the future. We need
to keep incorrect classifiers in order to keep track of guesses which have not paid
off; in other words to manage our exploration.

If we do maintain rules which tell us how to avoid particularly bad outcomes
we are maintaing a more complete map than tranditional strength-based systems
do. To keep track of all actions requires a complete map.

6 Complete Maps and Best Action Maps

A complete map has the disadvantage of requiring more classifiers but lets us
control exploration better. The more difficult the exploration problem, the more
advantageous a complete map will be. Two cases in which exploration is more
difficult are i) when the environment changes over time, and ii) in multi step
environments.

Hartley [14] trained two LCSs, XCS (which maintains a complete map) and
NEWBOOLE (which maintains a partial map), on a binary categorisation task,
then abruptly switched the category each stimulus belonged to. XCS quickly
recovered from these changes by simply adjusting the strengths of the rules
involved: consistently correct rules suddenly became consistently incorrect and
vice versa. NEWBOOLE, in contrast, found that its rules suddenly all had low
strength, and had to engage the genetic algorithm to generate new ones as it
does not maintain low strength rules. A complete map should also be useful
for adapting to less systematic and more gradual changes in the environment,
although this has not been studied.

In multi step environments globally optimal behaviour often requires that
the learner take locally suboptimal actions (i.e. actions which do not return
the highest possible immediate reward). E.g. the learner must take action B,
knowing that action A results in greater reward, because only action B will lead
it to state Q where it can obtain even greater reward. The best way to ensure
that such sequences of actions can be learnt is to use a complete covering map.
Note that tabular Q-learners employ complete maps.

If more complete maps are useful, can we get strength-based systems to
maintain them? We could give rewards of 90 for incorrect actions, and 100 for
correct actions. If selective pressure is not too strong the system should be able
to maintain classifiers for both correct and incorrect actions (i.e. a complete
map). However, overgeneral rules would always have more strength than accurate
incorrect rules.

Alternatively we could modify a strength-based system to distinguish bet-
ween strength and fitness, and make the fitness of a rule something like the
difference between its strength and (maximum strength - minimum strength)/2.
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As a result, this strength-based system would no longer consider the importance
of a rule proportional to the reward it leads to. We should be able to main-
tain complete maps in this way, although it will not work with arbitrary reward
functions because of strong overgenerals. (The distinction between strength and
fitness is one of the major features of XCS, and such a change would be one step
towards an XCS-like system.)

Further study is needed to confirm and quantify the advantages of complete
covering maps for exploration control, and to determine how much of an increase
in population size they require.

7 The Big Picture

That an estimate of accuracy should be a useful fitness metric for LCS should
not be surprising; accuracy is a measure of the utility of generalisation and LCS
can be seen as searching a space of generalisations. Although LCS typically use
GAs as search engines, the GA in an LCS differs from a stand-alone GA (i.e. one
not incorporated into an LCS). Let’s contrast the LCS GA with a stand-alone
GA applied to the typical task of function optimisation. Function optimisation
does not involve searching a space of generalisations, and consequently requires
a different fitness metric. Function optimisation GAs attempt to find parameter
settings which correspond to the extremum of the fitness function (or, in RL
terminology, the reward function). They include no concept of environmental
state (and so lack the condition part of a classifier), and only manipulate a set
of parameters (corresponding to the action part of a classifier). Consequently,
they have no notion of generalising across states and no need for a measure of
the accuracy with which this is done. Their measure of fitness is just the strength
value in a strength-based classifier system. For this purpose it is quite suitable.
The use of strength as a fitness measure in LCS is apparently due to confusion
over what the role of the GA within an LCS should be. In function optimisation
the GA is a function optimiser seeking only the extremum of the fitness function.
Within an LCS, however, it should be seen as a kind of function approximator.
Strength-based systems, because of their partial maps, tend to approximate the
part of the reward function corresponding to correct actions. Accuracy-based
systems, in contrast, approximate the entire reward function because of their
complete maps. In both cases the LCS attempts to do so more efficiently by
generalising over states. It was easy to make the mistake of retaining the same
fitness measure when moving from stand-alone GAs to strength-based LCS.

8 Metasurvey

T’'ve tried to outline some of the issues which arise when considering alternative
fitness calculations in LCS. We’ve seen an extension to the theory of strong over-
general rules which suggests strength-based LCS are unusually sensitive among
reinforcement learners to bias in the reward function. We’ve seen why we might or
might not want to bias our reward functions, and some ways of doing so. We've
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seen that biased Q-functions are common, and that, consequently, strength-
based systems seem unsuitable for non-trivial multi step environments. We've
seen why complete maps may help with exploration control. Finally, we’ve seen
that accuracy-based XCS does not suffer some of the problems which have pla-
gued earlier systems. In particular, analysis suggests that it does not suffer from
strong ovegenerals. All this strongly supports XCS as a major direction of LCS
research.
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Abstract. The synthesis of artifacts reproducing behaviors and properties of
living beings is one of the main goals of Artificial Life. These artificial entities
often evolve according to algorithms based on models of modern genetics.
Evolutionary algorithms generally produce micro-evolution in these entities, by
applying mutation and crossover on their genotype. The aim of this paper is to
present Non-Homogeneous Classifier Systems, NHCS, integrating the process
of macro-evolution. A NHCS is a derived type of classical Classifier Systems,
CS. In a CS, all classifiers are built on the same structure and own the same
properties. With a NHCS, the behavior of artificial creatures is defined by the
co-evolution between several differently structured classifiers. These agents,
moving in a 2D environment with obstacles and resources, must adapt them-
selves and breed to build viable populations. Finally, ecological niches and spe-
cific behaviors, individual and collective, appear according to initial parameters
of agents and environment.

1 Introduction

In A-Life [18], artificial creatures like animats [29], generally evolve according to a
single classifier system [17]. These entities use only one type of classifiers and one
structure for them. Genetic Algorithms [12], or Evolution Strategies [2], controlling
the evolution of a standard CS produces micro-mutations and crossovers inside classi-
fiers. A Non-Homogeneous Classifier System allows agents to possess several kinds
of classifiers with different structures. Moreover, creatures can undergo a structural
mutation: the macro-mutation, [21]. It acts first on the genotype of the agent by modi-
fying the classifiers architecture, and secondly on the phenotype by adding/removing
sensors or other capacities.
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In the agent classification of by P. Cariani, [5], the only forms of adaptive agents he
considered are natural animals. These agents adapt their behavior according to their
environment, but they also adapt their interactions modules, like sensors and effectors.
If each type of classifierinaNHCS s in relation with a particular sensor of a creature,
then with a macro-evolution process on the NHCS, this agent can be defined as adap-
tivein the Cariani sense.

This paper presents the structure of the NHCS of artificial creatures and the associ-
ated macro-evolution process. The first part shows an overview of the agent model
ETIC, [20], used to develop these animats. The second section defines the concept of
NHCS and the evolution methods that use the macro-mutation operator. The next
chapter describes experimental results obtained on an artificial life application. The
fifth part focuses on the idea of macro-evolution used in biology and adapted in artifi-
cia life for this paper. The conclusion then discusses results and presents future works
about NHCSs.

2 ETIC Overview

A classification is necessary to implement a deep evolution of agents structure. The
reactive/cognitive model [9], is not flexible enough for this kind of evolution. Agents
built with the External Tempora Internal Classification, ETIC, can change from one
class to another, and evolve progressively from simple to complex. Each of these
classes gives particular functions to agents. The three base classes of ETIC are:

« E: External, an agent belonging to one or more subclasses of E is able to get infor-

mation from its environment.
e T: Temporad, this class alows agents to have memory and planning functionalities.
I: Internal, the subclasses of | determine if agents have a knowledge of some of
their internal states and if agents can modelize other agents.

L]

The application testing the NHCS method mainly uses five ETIC subclasses:
Epn: this class represents a non-oriented local perception. An Epn agent perceives
al itemsin its surrounding environment in a range of r[]

« Epon: the perception of Epon agents is local and oriented. Epon agents perceive
only the environment in front of them, according to their direction.

« Edon: agents belonging to this class have an oriented fuzzy perception. They cut the
environment in front of them in four dials and they perceive only the number of
each kind of objectsin each dial. This perception can be wider than the first two.

L]

L In a discreet environment, n is a distance of perception defined by the minimum number of
elementary cells between two points.
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e Eck: this class allows agents to communicate a part of their knowledge to other
agents. A communication process can occur if an Eck agent perceives at least one
other Eck agent. This communication is direct, point-to-point, between these two
agents. The transmitted information is the best classifier of each other.

« Ipenergy: an agent with this class codes its energy levelplin their classifiers. It thus
has an internal representation of its energy and its behavior depends on it.

Fig. 1 shows the perception of three types of agents exploiting E subclasses. Epl
agent, Epo3 agent facing east and Edo5 agent facing west.

R 0
Epl R
A
A o)
A 0 Edo5|
|
[Epo3 R R
[0 R

Fig. 1. Epl, Epo3 and Edo5 agents.

These classes are cumulative, agents can be EplEpo3, Epo2Eck, Edo5lIpenergy,
etc. The macro-evolution process uses NHCS by adding/removing classes or increas-
ing/decreasing class parameter. This evolution allows a deep modification of agents
structure, from a phenotypic and a genotypic point of view. Agents can adapt their
morphology and their behavior to the environment.

3 Non-homogeneous Classifier System

A Non-Homogeneous Classifier System is an hybridization of the classical classi-
fier system defined by John Holland. In a standard CS, all classifiers generally
have the same structure and same properties. In a NHCS, several types of classi-
fiers coexist and are merged. They are build with different structures and have
different properties.

For example, an Ep2Edo7 agent can use either its local precise perception or its
fuzzy dia perception to chose an action in a given situation. Such an agent possesses

in its artificial organism, after some learning steps, Ep2 and Edo7 classifiers. How-

2 Inthis artificial life problem, animats have an energy parameter defining their health level and
their fertility for reproduction. If energy falls under 0, the creature dies.
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ever, if the agent has undergone a macro-evolution, it could also combine other classi-
fiers like Epl, Edol, Edo2, ... , Edo6. These classifiers are totally different and must
co-evolve to develop adapted behaviors.

The process of macro-evolution is strongly linked to the macro-mutation operator.
This operator is added to the three classical operators of GAs: mutation, crossover and
selection. It gets its own cycle, determining the frequency with which the macro-
mutation can occur, and the following parameters:
¢ Pmac: the macro-mutation rate.
< Pevol: the evolution rate, representing the probability of evolution/devolution of the

agent.
» Pclass: the class-evolution rate, defining if the evolution/devolution process acts on
an entire ETIC class or only on the parameter of an existing class of the agent.

Fig. 2 shows the algorithm for the macro-mutation operator.

Internal devolution
(decrease one class
degree)

NO

Internal mutation Random<Pevol

\ Yes

A 4
Internal evolution
(increase one class
degree)

Macro-mutation

Class devolution
\ (remove one class)

¢ NO

Class mutation Random<Pevol

Yes
v

Class evolution
(add one class)

Fig. 2. Macro-mutation algorithm.
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For example, if an agent is Ep1Epo3 and undergoes a macro-mutation, four cases
can occur:

* Randl<=Pevol and Rand2<=Pclass: an evolution occurs on an entire class. So, the
agent adds a new class, it can become EplEpo3Edol, EplEpo3Eck or
Epl1Epo3lpenergy.

¢ Randl<=Pevol and Rand2>Pclass: in this case, the evolution takes place on an
existing class, the agent evolves to Ep2Epo3 or Epl1Epo4.

¢ Rand1>Pevol and Rand2<=Pclass. the devolution is on a complete class. The agent
loses a class and mutatesto Epl or Epo3E]

« Rand1>Pevol and Rand2>Pclass: this is a classess devolution, the agent decreases
the parameter of one existing class, but never below 1, so the unique solution is
EplEpo2.

The macro-evolution described previously is performed according to a cycle, but
another way to proceed it exists: During an asexual reproduction. If the reproduction
of agents is asexual, two fertil@ agents are necessary to create a third one. But, if two
agents with different classes can mate and give birth to a viable child, how the organ-
ism of this offspring is built? In this system, no constraint prevents this reproduction
and a macro-evolution on the child NHCS occurs. This resulting NHCS is a combina-
tion of parents NHCSs with a potential macro-mutation, with Pmac probability. The
extract of the organism shown in Fig. 3 belongs to a Ep1Epo3Edo5I penergyE] agent
after several steps of learning and evolution.

Transmission of classifiers from one generation to the next generation follows two
simplified models of the genetic:
< Darwinist model: classifiers, acquired knowledge by individuals, isn't transmit to

offspring. Only the NHCS, in relation with the morphology of the creature, is
used to define the child capacities.

e Lamarckist model: al the knowledge of parents is transmitted to their offspring.
Classifiers of parents are combined to obtain classifiers of the new born. In this
model, two processes are used when an evolution is performed: a (A1) or a (A+)
reproduction, [16].

The next part presents results concerning these reproductions and others about the
co-evolution of differently structured classifiersin aNHCS.

3 If the agent has only one class, it can't loseit.

4 Age and energy conditions.

5 The class lasocial isn't studied in this paper. For information, this agent have the capacity to
detect differences between altruists and egoists agents. Altruists can give a part of their en-
ergy to other agents, while egoists can't.
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Epl  Epo3 |Edos |

Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epo3, IpEnergy, [adocial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
EpoS, IpEnergy, lalorial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epod, IpEnergy, [adocial :
Epo3, [pEnergy, Jalorial :
Epo3, [pEnergy, Jalorial :
Epod, IpEnergy, [adorial :
Enod. InEnerow TaSorial -

Average (Ewal) 0000000000000000 00000000
Average (Ewal) 0000000000000000 00000000
High (Esol) 00000000000400 00000000008
High (Esal) 000£000000000000 040400000000
High (Esal) 0000000000000000 0004000000000
Average (Ewol) 100400000000000 00000000
Average (Ewol) 1004000000000000 010000000
High (Esal) 000£000000000000 040400000000
Avverage (Ewol) 100400000000000 0008008
High (Esal) 0000000000000000 000000000000¢
High (Esal) 0000000000000400 00000000004
High (Esal) 0000000000000400 000000000008
Average (Ewol) 1000000000000000 000000000
High (Esal) 0000000000000000 000010000008
High (Esal) 0001000000£00000 000000000001
High (E+ol) O00#0£40000£04£00 040000000004
Hish Esal 0001#00001#00000 D0#000004000

Fig. 3. Organism of a Ep1Epo3Edo5I penergy Agent.

4 Resaults

The aim of this A-Life application is the survival of populations of autonomous
agents, [23], in a dynamic environment. They must adapt their behavior, by learning
and evolution, and their structure, by macro-evolution on their NHCS. At the begin-
ning of a simulation, agents have no knowledge, they follow the Aristotian principle of
the tabula rasa. Then, they learn by reinforcement according to the results of their
actions. Though this paper focuses only on parameters linked to macro-evolution and
NHCS, severa parameters are available to users. The GA rates are standard:

* Crossover rate = 0.20.

e Mutation rate = 0.05.

e Selection mode is roulette wheel with stochastic reminder and possibly elitist ad-

justments, [13].

The environment evolves by adding/deleting/moving obstacles and resources. Its
sizeisfixed to 30*30, and it is toroidalﬁ. Two statistical measures are used: Mean and
standard deviation. Results are obtained by meaning ten trials of 4.000 time steps
each. Simulations with atoo high standard deviation are not considered in this paper.

6 Agents going out by one side, return in the world by the opposite side.
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4.1 Population Viability

The aim of the first experiment is to show the viability of different initial populations
of agents according to their ETIC classes. At the beginning of a simulation, agents
possess the class Ipenergy and one of the subclasses of Epn, Epon and Edo With
these combinations, one value for n seems to be more efficient for each subclass: Ep2,
Epo3 and Edo5. Fig. 4 shows the evolution of these populations during 4.000 time

steps.

@ | B2
-+ Epo3
% 4+ Edo5

Number of agents

PO LSS P

Tums

Fig. 4. Ep2, Epo3 and Edo5 agents populations.

The phenomenon appearing in this figure is the same described by Ginger Booth,
[3]: the trophic cascade, the inversely proportional co-evolution between agents and
resources. At the beginning of a simulation, agents take time to learn basic behaviors,
like 'feed with a resource when it's on the same square’ or 'approach a resource if pos-
sible, to maintain their energy level over 0. The resource quantity increases during
this phase, then when resources are large and agents more efficient, they mate quickly
and build a wide population. Resources disappear quicker, causing the fall of agents.
Only the most adapted animats can survive this starvation, they are few but very effi-
cient. Finally, resources invade again the environment and this process repeats cycli-
cally in atrophic cascade.

The main difference between a Lamarckist and a Darwinist evolution is the quick-
ness of the population growth. Agents have more advantages in the Lamarckist one,

7 With nvarying from 1to 7.
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they develop themselves quicker and contribute to an ampler trophic cascade. In a
Darwinist evolution, agents have more difficulties due to the knowledge transmission
that doesn't exist during the reproduction. But globally, results are more stable and an
equilibrated cycleis reached.

4.2 Ecological Niches

The populations showed in evolve and their agents also undergo macro-
evolution on their NHCS. From generation to the next generation, they mutate to con-
stitute more or less homogeneous populations. According to initial conditions, artifi-
cial species often emerge from the system and dominate the global population. The
most significant case is the emergence of the communication in the NHCSs: 90% of
the final populations include agents with the class Eck. These agents appear progres-
sively along the evolution of species and finally they often invade the global popula-
tion.

Other kinds of combinations emerge after several thousands steps. Generaly, these
agents have an efficient co-evolution in their NHCS:. Ep2Epo4Ecklpenergy,
Epo3Edo7Eckipenergy, EplEdo7Ecklipenergy. All of these have communication
abilities and an internal representation of their energy level. The first also combines a
precise short perception of its local environment and a medium precise oriented per-
ception. The second has a medium precise oriented perception and a long range fuzzy
perception. And, the third has a very short precise non-oriented perception and a large
fuzzy perception. These combinations can be found in natural animals. Most of them
uses two or more sensors to detect food, predators and other members of their specie,
like eyes, ears, sonars, infrareds, vibration sensors, etc. However, these niches are
strongly dependant of the initial parameters of the environment. If the conditions are
extreme, very few resources and many obstacles, the emerging niche is Epllpenergy.
These agents can't lose time in communi cation and must take resources as soon as they
detect them. As Dave Cliff [7] said: "In the ethology literature, an adaptive behavior is
any behavior which, if exhibited by an animal, increase the chance that the animal will
survive long enough in its ecological niche to produce viable offspring. Underlying
this definition is the assumption that, if the animal does nothing, it will die before it
has a chance to reproduce”. Agents present in emerging niches in this application are
precisely very active and they learn particular efficient behaviors, individua as well as
collective.

4.3 Emerging Behaviors

Three main behaviors, cf. Fig. 5, that appear in this application are:
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« Obstacle avoidance: the agent at the right of the figure shows how it can avoid
obstacles. After learning, it avoids obstacles to reach resources in the quickest
way.

« Obstacle following: the same agent follows obstacles to get a resource hide behind
them. Agents Epn and Epon, which have alocal precise visibility, develop gener-
aly this two kind of behaviors. Edo agents, with a fuzzy perception, can't avoid
and follow obstacles, unlessif they are combined with Epn or Epon subclasses.

* Regrouping: when few resources exist in the environment, surviving agents, those
at the left of the figure, are generally more efficient. If they perceive a resource,
they try to reach it rapidly. If many of them reach the resource in the same time
and feed together, their energy level can be sufficient to become fertile. So, they
reproduce and give birth to very efficient agents. This regrouping behavior, logic
and coherent, is interesting due to its total emergence: nothing codes it in this ap-
plication, neither code nor classifier reinforcement helps the appearance of this
behavior.

Fig. 5. Emerging behaviors.

All of these behaviors spontaneously emerge during most of simulations. Maybe
other kinds of behaviors, less visible but also significantly, could emerge from this
system.

4.4 Performance with Woods M odel

To test the validity of the GA used in this application, smulations based on the Wil-
son’s Woods environment, have been performed. The animat is modeled by a Epl
agent, and only its learning and evolution capacities are kept. No macro-evolution
occurs because it must stay Epl during all the time of a simulation. Fig. 6 shows the
acquisition time of a resource according to the number of simulation turns. This result
is based on the mean of ten trials.
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Fig. 6. Woods simulation.

In comparison to the results obtained by S. Wilson, the convergence to an efficient
classifier base runs at the same speed. No gain is verified at short term. But, at me-
dium and long term, performances of Epl agent are better than those found by the
animat. After 8.000 turns, the animat moves during 4.5 steps to reach the resource,
while the Epl agent reaches the resource in 3.6 steps after 5.000 turns.

If the macro-evolution is activated in these simulations, then the Epl agent can
evolve to more complex classes. But, as in the extreme case described in 3.2, these
niches are less adapted to this environment. In fact, the simple Epl agent is very
adapted to the Woods world.

45 Hamilton’sKin Selection

W. Hamilton said in [15], that individuals can transmit copies of their own genotype
not only by reproduction but also by helping related individuals like brothers, sisters
and cousins. This kin selection theory explains the altruism phenomenon in eusocial
species, particularly in the case of insects like ants, bees and wasps.

In this application, a simplified model of altruist/selfish behavior is developed: an
atruist agent can give a part of its own energyﬁ to another altruist with a weak energy
level, while a selfish one never gives nothing to anyone. Fig. 7 shows the evolution of
initial populations of Epo3lpenergy agents, 50% of them are altruist and 50% are
selfish. The reproduction is restricted to the agents of the same socid type.

These results corroborate the idea that a cooperation and a mutual help improve the
survival skills of a specie. From R. Dawkins point of view [8] the global goa of a
creature being to transmit its genetic information to future generations, this method is
particularly complementary to the classical reproduction. In most of simulations, al-
truist populations are more stable than selfish populations.
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Fig. 7. Altruism vs. Selfishness.

5 Macro-evolution: From Natural to Artificial Life

Actually, biological theories can't explain some of the brutal changes occurring during
the evolution of natural species. The theory of punctuated equilibrium [14] put for-
ward the fact that jumps, caused by macro-mutations, would allow to species to mod-
ify deeply their genetic structure. This modification would appear after a long equilib-
rium of species to result in the creation of totally new ones without detectable transi-
tion. The work developed in [6] stipulates that these important overthrows can be
determined and predicted by fractal equations [25]. Though these researches are not
confirmed, they are particularly interesting because they mean that fractals and the
evolution theory are closely linked. Effectively, according to the self-organized criti-
cality theory, [1], some systems alter themselves spontaneously and violently, by cri-
sis. So, many natural systems would maintain themselves at the edge of order and
chaos, where fractal structures would emerge.

The study of phenomena existing at this edge is also specialy studied in artificial
life, [26]. Working on cellular automata [30], that are based on self-reproducing auto-
mata [28], C. Langton posed the edge of chaos hypothesis [19], which claims the ex-
istence of a phase transition [22], between ordered and chaotic behaviors, and locates
complex dynamics in the vicinity of this transition. The classica game of life, origi-
nally designed by JH. Conway [10], is a paradigmatic example of researches per-
formed on the emergence of complex structures at this phase transition, [24].

8 According to its energy level.
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The huge modifications undergone by the phenotype during these jumps can also be
the result of the alteration of particular genes, the homeogenes. These control genes
have the property, under the effect of a mutation, to deeply modify the morphogenesis
of acreature, as shown by the example of extra-eyes apparition in Drosophila, [11].

If the ETIC classes of agents are considered as control genes, then the macro-
mutation operator can be seen as akind of simplified model of the punctuated equilib-
rium theory and the homeogenes. The results found in the part 4.2 show that artificial
species evolve brutally by successive class jumps to create relatively stable ecological
niches according to environmental conditions. So, with an improved model, would a
rule allowing to predict these evolution in an artificial system exist ? This question
should be studied in further experiments.

6 Conclusion and Future Works

The aim of this work was to prove the adaptation of agents population using a Non-
Homogeneous Classifier System combined with a macro-evolution process. Generaly,
agents adapt their behavior and their structure, in ETIC classes terms, to initial condi-
tions of environment. In few cases, with the most extreme values, agents can't adapt
and populations die. But with a large number of initial values, agents find the most
efficient classifiers and the most adequate morphology. Tests show that creatures
survive better with combination of sensors giving them several perception properties.
Moreover, agents mutating and discovering communication, with a knowledge trans-
mission, often invade populations. Finally, several behaviors emerge totally from the
system without the intervention of a particular coding constraining the reinforcement
of specific classifiers.

A NHCS is necessary to implement an efficient macro-evolution process. Indeed,
previously, ssmulations have been performed without NHCS and classifiers contained
al information due to ETIC classes. So an Ep1Epo4Edo7 agent possesses huge classi-
fiers with non-separate parts Epl and Epo4 and Edo7. If a classifier has an inefficient
part, then this classifier isn't efficient if either of the two other parts are correct. A
NHCS alows to share the knowledge from one classifier to severa classifiers. The
inefficient part, transformed in a complete classifier, can be removed from the base.
Moreover, the NHCS method allows a modular development of A-Life applications
where each agent class can be implemented progressively.

Though severa A-Life systems and Multi-Agents systems obtain similar results,
NHCS is a new approach allowing co-evolution between classifiers.

Several directions can be followed for future works. First, with the large number of
parameters included in this system, other simulations could de performed and new
behaviors or new niches could appear. Secondly, this application also can be enriched
with another kind of object: Tools. Agent using tools would improve their consump-
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tion of resources and these tools would lead to the concept described in [31], cultural
learning. But, the main goal is to develop an A-Life online system integrating NHCS
in artificial creatures. This virtual laboratory would alow agents, like the critters of K.
Sims, [27], to grow and evolve in real time 3D with strong interactions with humans.
Agent behaviors could be learned either by imitation of humans or by a reinforce-
ment/macro-evol ution process.

The final step of thiswork, in avery long term, is its implementation on real artifi-
cial creatures like robots. But, as underlined by R. Brooks, [4], most of efficient algo-
rithms used in virtual creatures doesn't run correctly for rea robots. Several other
parameters must be considered: Fuzzy information given by sensors, unpredictable
effects performed by effectors, etc. The adaptation of NHCS should be studied deeply
to stay efficient in real condition!

References

1. Bak, P. : How the Nature works : the science of self-organized criticality. Oxford University
Press, Oxford (1997).

2. Back, T. and Schwefel, H.P. : An Overview of Evolutionnary Algorithms for Parameter
Optimization. Evolutionnary Computation, Vol. 1. MIT Press (1993) 1-23.

3. Booth, G. : Gecko : A Continuous 2D World for Ecological Modelling. Atrtificial Life, Vol.
3:3. MIT Press (1997) 147-164.

4. Brooks, R. : Artificial Life and Real Robots. In : Varela, F. and Bourgine, P. (eds.) : Towards
a practice of Autonomous Systems, Proceedings of'tE@irbpean Conference on Atrtificial
Life. MIT Press, Paris (1991).

5. Cariani, P. : Emergence and Artificial Life. In : Langton, C., Taylor, C., Farmer, J.D. and
Rasmussen, S. (eds.) : Proceedings of Artificial Life Il, SFI Studies in the Sciences of Com-
plexity, Vol. 10. Addison-Wesley (1991) 775-797.

6. Chaline, J., Nottale, L. and Grou, P. : L'arbre de la vie a-t-il une structure fractale ? In :
Comptes rendus de I'Académie des Sciences, Série lla Sciences de la terre et des planétes
Vol. 328:11 (1999) 717-726.

7. Cliff, D. : Al and A-Life : Never Mind the Blocksworld. In : Cohn, A.G. (ed.) : Proceedings

of the 11" European Conference on Artificial Intelligence. Wiley (1994) 799-804.

. Dawkins, R. : Le Géne Egoiste. Armand Colin (1990).

9. Ferber, J. : Les Systemes Multi-Agents : vers une Intelligence Collective. Inter-Editions
(1995).

10. Gardner, M. : The fantastic combinations of John Conway's new Solitaire Game Life. Sci-
entific American (1970).

11. Gehring, W.J. : The master control gene for morphogenesis and evolution of the eye. Genes
to Cells, Vol. 1 (1996) 11-15.

12. Goldberg, D. : Genetic Algorithms in Search, Optimization and Machine Learning.
Addison-Wesley (1989).

[ee]



174 C. Lattaud

13. Goldberg, D. and Deb, K. : A Comparative Analysis of Selection Schemes used in Genetic
Algorithms. In : Rawlins, G.JE. (ed.) : Proceedings of the 1* Workshop on Foundations of
Genetic Algorithms. Morgan Kaufmann (1991) 69-93.

14. Gould, S.G. : Lavieest belle, Paris. Seuil (1991).

15. Hamilton, W.D. : The Genetical Evolution of Social Behavior : | and Il. In : Williams, G.

(ed.) : Group Selection. Aldine (1971) 23-43 and 44-89.

16. Hoffmeister, F. and Béck, T. : Genetic Algorithms and Evolution Strategies : Similarities
and differences. In : Schwefel, H.P. and Manner, R. (eds.) : Proceedings dbitloekshop
on Parallel Problem Solving from Nature. Springer-Verlag (1991) 455-469.

17. Holland, J. : Adaptation in Natural and Artificial Systems. MIT Press (1975).

18. Langton, C. (ed.) : Artificial Life : Proceedings of theWlorkshop on the Synthesis and
the Simulation of Living Systems ‘1987. Addison-Wesley (1989).

19. Langton, C. : Life at the edge of chaos. In : Langton, C., Farmer, J.D. and Rasmussen, S.
(eds.) : Artificial Life Il, SFI studies in the Sciences of Complexity, Vol. 10. Addison-
Wesley (1991).

20. Lattaud, C. : A Classification for the control of the evolution of adaptive agents. In : Pro-
ceedings of the f0nternational Florida Artificial Intelligence Research Symposium. (1997)
449-454.

21. Lattaud, C. : A Macro-Mutation Operator in Genetic Algorithms. In : Prade, H. (ed.) : Pro-
ceedings of the I3European Conference on Artificial Intelligence. Wiley (1998) 323-324.

22. Li, W., Packard, N. and Langton, C. : Transition phenomena in cellular automata rule space.
Physica D, Vol. 45 (1990) 77-94.

23. Maes, P. : Modelling Adaptive Autonomous Agents. In Langton, C. (ed.) : Artificial Life :
An Overview. MIT Press / Bradford Books (1995) 135-162.

24. Magnier, M., Lattaud, C. and Heudin, J.C. : Complexity classes in the two-dimensional life
cellular automata subspace. Accepted in Complex Systems (1999).

25. Mandelbroot, B. : The fractal geometry of Nature. Freeman N.Y (1982).

26. Packard, N. : Adaptation at the edge of chaos. In : Kelso, S. and Shlesinger, M. (eds.) :
Complexity in Biological Modeling (1998).

27. Sims, K. : Evolving 3D Morphology and Behavior by Competition. In : Brooks, R. and
Maes, P. (eds.) : Artificial Life IV : Proceedings of tHeldternational Conference on Arti-
ficial Life. MIT Press (1994) 28-39.

28. Von Neumann, J. : Theory of self-reproducing automata. In : Burks, A. (ed.), Princeton
University Press (1966).

29. Wilson, S. : Knowledge Growth in an Artificial Animal. In : Grefenstette, J.J. (ed.) : Pro-
ceedings of the*linternational Conference on Genetic Algorithms and their Applications.
(1985) 16-23.

30. Wolfram, S. : Universality and complexity in cellular automata, Physica D, Vol. 10 (1984)
1-35.

31. Zannoni, E. and Reynolds, R. : Learning to Control the Program Evolution Process with
Cultural Algorithms. Evolutionnary Computation, Vol. 5:2 (1997) 181-211.



An Introduction to Anticipatory Classifier Systems

Wolfgang Stolzmann

Institute for Psychology, University of Wuerzburg, Germany
stolzmann@psychol ogie.uni-wuerzburg.de

Abstract. Anticipatory Classifier Systems (ACS) are classifier systems that

learn by using the cognitive mechanism of anticipatory behavioral control

which was introduced in cognitive psychology by Hoffmann [4]. They can learn

in deterministic multi-step environmentsf] A stepwise introduction to ACS is
given. We start with the basic algorithm and apply it in simple “woods*
environments. It will be shown that this algorithm can only learn in a special
kind of deterministic multi-step environments. Two extensions are discussed.
The first one enables an ACS to learn in any deterministic multi-step
environment. The second one allows an ACS to deal with a special kind of non-
Markov state.

1 Introduction

An Anticipatory Classifier System (ACS) is a learning algorithm based on learning
classifier systems and the psychological learning mechanism of “Anticipatory
Behavioral Control”. The knowledge of an ACS is represented by Condition-Action-
Expectation rules G-A-E classifiers). An actionA is always accompanied by
expectationE of its resultR. By comparing the differences of the perceived reRult
after acting on an environment and its expectatibhan ACS builds sucle-A-E
classifiers. It always starts with the most general knowledge and learns by
continuously specifying that knowledge. An ACS is capabléateht learning, i.e.
learning in the absence of environmental reward an@+{AeE classifiers can be used

to do action-planning. Latent learning and action-planning in ACS is discussed in
Stolzmann & Butz [this volume, pp. 303-320].

This chapter gives a stepwise introduction to ACS. First an ACS and its basic
learning algorithm will be introduced and applied in simple environments. Two types
of environments are frequently used to study learning classifier systems, state
environments [1,10] and “woods” environments [3,7,9,14,15]. A series of “woods”
environments: MazeF1, MazeF2, MazeF3 and MazeF4 will be introduced to study
ACS. Two extensions of the basic learning algorithm are necessary to enable an ACS
to deal with all these “woods” environments.

1 Butz, Goldberg & Stolzmann [2] show that ACS can also learn in deterministic single-step
environments with a perceptual causality in its successive states.

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS ‘99, LNAI 1813, pp.175-194, 2000.
© Springer-Verlag Berlin Heidelberg 2000
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2 Anticipatory Classifier Systems (ACYS)

In this section a detailed description of ACS is given. Firstly, anticipatory behavioral
control is briefly introduced. Secondly, the functionality of an ACS is explained.
Finally, the basic learning mechanism of an ACSis presented.

2.1 Anticipatory Behavioral Control

The psychologist Tolman [12] first proposed the formation of SRE-units he called
“field-expectancies” while forming a learning theory. The SRE-units represent the
knowledge of an organism that in situation S the reaction R leads to the effect E.
Nonetheless, Tolman did not state in detail how such units could be formed.
Hoffmann [4] formulated a learning mechanism called anticipatory behavioral control
(cf. figure 1) that explains how SRE-units could be formed:

reinforcement

ah:

S..i—> R —> E_, >comparison<E,_,

N 7

differentiation

Fig. 1. Anticipatory behavioral control (according to Hoffmann [4, p. 44])

Four assumptions are made:

1. Each action R is combined with an anticipation of its (desired) effects E

2. The bonds between actions and their anticipated effects are reinforced.

3. If the reliability of action-effect relations is dependent on situational conditions
S.... then situational properties are differentiated.

4. Reinforcement and differentiation depend on a comparison of anticipated effects
E,. and actually occurring effects g

It is not necessary to assume that environmental reward is given, i.e. anticipatory

behavioral control is able to explain how an organism can learn latently.

2.2 Basic Elementsof an ACS

An ACS is an agent that learns in a multi-step environment. A characteristic of a
multi-step environment is that an action executed by the agent leads to a new
environmental state which the agent has to deal with next. Theéisméscrete.
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Fig. 2. The agent-environment interaction

Figure 2 shows the agent-environment interaction. At time t the agent perceives the
stateg(t) and gets an environmental reward of p(t) (o(t) can be zero). On the basis

of oft) and pft) the agent selects an action aft). The execution of aft) changes the
environmental state and the environmental reward. At timet+1 ot +1) and pft +1)
are perceived by the agent and so on.

An ACS consists of the following four basic components:

1. aninput interface with detectors to perceive environmental states o,

2. an output interface with effectors to execute actions a ,

3. aclassifier list which contains simple production rules called C-A-E classifiers and

4. a message list which contains messages sent by the input interface and the
classifier list.

Each detector of the input interface contains information about one attribute of the
environmental state and usually delivers values 0 and 1. So a message, that was sent
by the detectors, isthe internal representation of the current environmental state. If the
input interface consists of n detectors, then a message is usually defined as an element

of {01}". Notethat it is also possible to use other sets of attribute valuesthan {04} .

A classifier consists of three basic parts:

1. a condition part C with conditions that contain information about the attributes of
environmental states,

2. an action part A with instructions for the effectors and

3. an expectation part E which specifies the next anticipated state of the environment.

Section 4 introduces a fourth part (a mark M) that remembers the states in which the
classifier did not work correctly.

A classifier is represented as a 3-tuple C-A-E with C,E({01,#" and A is a finite
chain of simple actions. A ‘#-symbol in the condition p&twhich is called the
“DON'T CARE” symbol, means that the ACS ignores thdetector. A ‘#-symbol in
the expectation pai, which is called the “PASS-THROUGH” symbol, means that
the ACS believes that the, detector stays the same whé@ncauses the output
interface to act in the environment. A classifier processes two strength galoés.
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The quality q predicts the accuracy of its anticipation. The reward-prediction r
predicts the amount of reward expected from the environment.

2.3 Behavioral Actsin an ACS

Figure 3 shows a basic schema of abehavioral act in an ACS.

a(t)
Effectors
A
classifier list
> m
: r o]
PG4, —E, d
i f
( ;
match passthrough
Compare]
| message list | S, I |S/ Sf‘""'l IS, s S,HI |
‘ Detectors ‘
c (t) c (t + 1)

Fig. 3. A behaviord act at timetinan ACS

1. At time t the detectors perceive the environmental state a(t) and send the

perception of o(t) called state § to the message list.

2. § iscompared with the condition parts C of al classifiers. The matching classifiers
form amatch set.

3. One classifier of the match set is selected by roulette-wheel [6] or with an
exploration probability p, by random selection. During the roulette-wheel selection

the probability for a classifier ¢, to become active is fq/ f. . Here
cJmatch set

f.(t)=q.(t)x(t) is the fitness of a classifier c. In figure3 the classifier
c; =C; — A} —E; isselected.

4. The selected classifier ¢, becomes active. With regard to § its expectation part E,
adds a new message i”lt = passthrough(S,Ej) to the message list and its action
part A causes the detectors to execute the external action aft).



An Introduction to Anticipatory Classifier Systems 179

The function passthrough replaces the ‘#-symbols oE by the corresponding
components of§ . As mentioned above a ‘#-symbol i means that the ACS
believes that thé, detector stays the same Whe(t) is executed in the environment.

So S is the anticipated environmental state immediately af{e) is executed.

5. After the execution ofa(t) the detectors perceive(t +1) and sendS,, to the
message list.

6. §31 and S,, are compared. Depending on the result of this comparison, the
classifier list is modified and anticipation-learning takes place (cf. section 2.4.1).
The quality q, of the classifiec, is increased or decreased, or a new classifier is
added to the classifier list.

7. Sand S% are deleted an§,, starts a new behavioral act.

2.4 TheBasic Learning Algorithm

There are two different concepts of learning in ACS: anticipation-learning and
reward-learning. Anticipation-learning is the core of the implementation of
anticipatory behavioral control. It is independent of reward-learning. Reward-learning
can be any reinforcement learning technique. Here we use the bucket brigade
algorithm [5] where the currently active classifier makes a payment to the previously
active classifier. This method uses the Widrow-Hoff delta rule [13].

2.4.1 Anticipation-Learning
The basic idea of anticipation-learning is easySlf was anticipated correctly, i.e. if

S.; matchesSY], then the quality of the active classifier should be increased. If

the anticipation was wrong, then a new classifier should be generated that anticipates
S correctly. If it is not possible to generate such a classifier, then the quality

the active classifier should be decreag®iblogous to the bucket brigade algorithm,
abidratio by U [01] is used to update the qualdy
Four cases are distinguished in detail:

useless case:
If the behavioral act does not change anything in the environment, then the quality
of the active classifier c becomes smalm(t +1) = (1— bq)mc(t)

expected case;
If S, matchesS%] , and if the behavioral attchanges the environment, then the
quality of the active classifier c becomes Iargq;r(.t +1) = (l— bq)ﬂqc (t) +hy .
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correctable case:
If S, doesnot match S, and if the behavioral act t changes the environment, and
if al components of C and E (of the active classifier ¢ = C-A-E ) for which §,; does

not match ST} are ‘#-symbols, then a new classifiefy, = Cpay — Aww — Enay With
Ay = A is produced.C,,, and E,, differ from C andE in the non-matching

components ofS%] and S,,. In these componentt,, is equal toS,,; and C,,
is equal toS . Thus,C,, still matchesS and E, now anticipatesS,; correctly.

not correctable case:
If S, does not matc and if it is not possible to correct the classifier, then the
quality of the active classifier becomes smaller just as in the useless case.

It can be shown thauc(t)D[O,l] for allt, if qC(O)D[O,l] . qc(t) can be regarded as the

probability thatS¥} matchesS,,, i.e. qc(t) describes the quality of the correctness

of the anticipated consequences.

ant
+1

Till now we have an algorithm that is able to produce new classifiers but it is not
possible to delete classifiers. That is why we define a thresﬂd]]:{O,l]. If the

quality g, of a classifierc becomes lower tha#, , thenc is inadequate and is
deleted. A typical value fo6, is 0.1.
Another threshold ig, D[O,l]. A typical value forg, is 0.9. If g, =6, thenc is

calledreliable, i.e. the probability that anticipates the next state correctly is very
high.

2.4.2 Reward-Learning

Anticipation-learning enables an ACS to learn without environmental rewards.
However, if environmental rewards are given, then an ACS can be treated like a usual
classifier system that uses a reinforcement learning technique. In this paper the bucket
brigade algorithm [5] is used to update the reward-predictiook the classifiers.

Analogous to anticipation-learning, a bid ratio b, O [0,1] is used.

Let ¢, be the active classifier at timh@nd c,,; the active classifier at time+1.

If pt+1)20, thenr, (t+1)=(1-b, )T (t)+b, Dp(t +1).

If p(t+1)=0, thenr, (t+1)=(-b )0 (t)+b & (t).
That means, if there is no environmental reward at ttmé., then the currently
active classifierc,,; gives a payment ob, Drcm(t) to the previous active classifier
¢ . If there is environmental rewarqb(t+l), then by Do(t+1) is given to the
previous active classifieg, .
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3 Simple Applicationsof ACS

In this section an ACS is applied in two simple “woods” environments, on the one
hand to show how it works and on the other hand to show its limitations. First, the
“woods” environments are introduced.

3.1 Woods Environments

“Woods” environments are 2-dimentional grids. Each cell can contain an obstacle T
(tree), a goal F (food), or can be empty. The agent’s perception is restricted to the
eight nearest cells. The agent detects these cells starting north and coding clockwise.
The detector values are “t” (tree), “f” (food) and “b” (blank) for an empty cell. The
agent can use the actions N, NE, E, SE, S, SW, W and NW to reach one of these cells.
If the agent tries to reach an obstacle T, then the action fails and the agent does not
move. In this paper the actions are encoded\byl, =, N, \, £, € andK. Usually

the agent’s task is to learn the shortest path to goal states. In this paper a further task
is to learn an internal model of the environment. A learning experiment in a “woods”
environment consists of several trials. A trial starts by randomly placing the agent into
an empty cell of the environment. If the agent reaches a goal state or if a maximum
number of steps (MaxSteps) is reached, then a new trial starts. MaxSteps is used to
avoid infinite loops. Figure 4 shows a series of four new “woods” environments that
will be used in this paper.

T/ T\T/T| |T|T|T|T|T| [T|T|T|T|T|T| [T|T|T|T|T|T|T
TZFIT T32F1T T432F1T T5432F1T
T| ,/T|T| |T| JT/T T |T ,|T|T|TT| |T (TTTTT
T . s\ T (T s | TIT) [T 6 5 | T|T] |[T] 5] 5 o o/ T|T
T ,T|T| |T|,T|T/T| [T|, T TTT |T|,TTT|TT
T/T|T T |[T/T|T|T/T| |[T|T|T/T|T|T| |T|T T|T|T|T|T
MazeF1 MazeF2 MazeF3 MazeF4

Fig. 4. “Woods” environments

The small numbers indicate the environmental states, for example in MazeF1l
oft)o{1,....6}.
If the agent’s task is to reach the goal state F, then an optimal performance can be

defined. For each environment the optimal performance is the average minimal
number of steps to food. In MazeF1 this is (1+1+2+2+3)/5=1.8.

Table 1. Optimal performances

environment MazeF1 MazeF2 MazeF3 MazeR4
optimal performance  9/5=1.8 15/6=2.5 27/8=3.375 45/10=4.5
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All these environments are deterministic, i.e. a(t+1) is determined by a(t) and
a(t), but from the agent’s perspective MazeF4 is not deterministic because the

environmental states 3 and 9 are not distinguishable for the agent. So, sometimes the
action—> leads to state 2 and sometimes to state 10. This perceptual aliasing problem
is discussed in section 5.

In each environment an ACS has two tasks: first, to learn the shortest path to the
goal state F and second, to learn an internal model of the environment. The
knowledge of an ACS is represented by the classifiers, but only the reliable classifiers
form the internal model. At the end of each trial the “achieved knowledge” and the
“number of steps to food” are calculated.

To calculate the “achieved knowledge” it is tested whether or not there is a reliable
classifier for each transitio(Ul,a,az) with oy # g, that can be applied io; and

anticipateso, correctly.

As usual, the “number of steps to food” is the average number of steps to the goal
state F during the past 50 trials (e.g. Lanzi & Wilson [9]). Therefore the curves for the
“number of steps to food” contain no values for “Number of trials” < 50.

Following Lanzi & Wilson [9] a learning experiment is divided in two parts. After
a certain number of trials exploration stops. A parameter end_explor is used.

If “Number of trials” < end_explor, then roulette-wheel selection and random
selection is applied (cf. section 2.3)

If “Number of trials” > end_explor, then the fittest classifier of the match set
always becomes active.

3.2 AnACSin MazeF1 and MazeF2

First, an ACS is applied in MazeF1. Figures 5 and 6 show the results of several
learning experiments with a reward >0 in the goal state F. Figure 5 shows the

results for different rewards and figure 6 the results for different bid ratioShe

left curves show that in each learning experiment about 80% of the knowledge is
learned. The ACS does not learn 100% because transitions that lead away from the
goal state F are executed seldom as the reward-prediabegrrules the quality of
a classifier when doing roulette-wheel selection. The right curves show that in each
learning experiment the number of steps converge to a value that is smaller than 3, but
only the solid line in figure 6 (right) reaches the optimal performance.

If the Number of Steps to Food converges to a vaize then the ACS'’s policy is
not optimal: An ACS with a policy that is defined by the transitioRsl2371, 425,
5R3, 675 needs an average Number of Steps to Food of 2 and in state 4 the policy is
not optimal.
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Fig. 5. Average of 10 learning experiments in MazeF1: b, =0.05, b, =0.1, p, =0.5,

6, =0.9, 6 =0.1, MaxSteps = 100, end_explor = 500
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Fig. 6. Average of 10 learning experiments in MazeF1: p© =10000 in state F, bq =0.05,
p, =05, 6, =0.9, 6 =0.1, MaxSteps = 100, end_explor = 500

Figures 7 and 8 show the results of several learning experiments with areward o =0
inthe goal state F. The results depend only on anticipation-learning because b, = 0.0,
i.e. the reward-predictions r are not changed for any classifiers.
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Fig. 7. Average of 100 learning experiments in MazeFl: p =0 in state F, b, = 0.05,
b, =0.0, p, =05, 6, =09, 6 =0.1, MaxSteps = 100
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Fig. 8. Average of 100 learning experiments in MazeFl: p =0 in state F, b, =0.0,
p, =05, 6, =0.9, 6 =0.1, MaxSteps = 100, end_explor = 500

The left curves show that 100% of knowledge can be learned. On the one hand the
results depend on end_explor (cf. figure 7 and table 2) and on the other hand they
depend on b, (cf. figure8 and table 3). In each case the Number of Steps to Food

does not converge because thereis no reward in state F.
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Table2. Vauesfor Number of Trials = 1000 of the curves shown in figure 7 (left)

end_explor

250

500

750

1000

knowledge(1000)

82.86%

96.64%

99.21%

100.00%

Table 3. Valuesfor Number of Trials= 1000 of the curves shown in figure 8 (left)

by

0.01

0.05

0.10

knowledge(1000)

65.71%

96.64%

99.93%

Table 4. A typical fina classifier list: o =10000 in state F, bq
p, =05, 6, =0.9, 6 =0.1, MaxSteps = 100, end_explor = 500

=0.05, b, =0.001,

C A E r q applicable in state
ttft#a##H N2 bf t b#### | 24.674212| 0.768354 2
bf #bbt t t N tt#tt bbb 2.035896 | 0.942009 3
t #t #t bbb < b#b#bt t t 1.991718| 0.874828 5
#f t b####H N% #t bt #### 2.996855| 0.947663 3
tt#tt bbb R bf #bbttt | 597.179251| 0.999998 5
bb###t t t 2 t t ###bbb 1.184156| 0.932362 6
t t ###bbb K bb###t t t 0.529207| 0.979263 5
b#b#bt t t > t #t #t bbb 1.287998| 0.898047 4
#t bt #### N #it b#### | 961.940457| 1.000000 4
#bt #t ### N #t b#b### | 57.844570| 1.000000 6
#t b#b### N% #bt #t ### 0.541348| 0.991742 4
bf #bbt t # 2 tt#tt bb# |5376.512296| 1.000000 3
#Hf #bt t # > ##t #t bb# | 2048.023490 | 0.999996 2
bf t b#### N ttft#### | 21.549042| 0.961528 3
Hit##HHHH N HEHHAHHH 0.500000| 0.100000 2,34,5,6
HEHIHBHH > HHHHHHHH 0.500000| 0.100000 2,34,5,6
Hit##HHHH % HAHH#HHH 0.500000| 0.100000 2,34,5,6
HHHHHHHH < lididiiiidia 0.500000| 0.100000 2,34,5,6
HHH 2 HAHHHHHH 0.500000| 0.100000 2,34,5,6
HUHHHHHH N HAHHBHHH 0.500000| 0.100000 2,34,5,6
HEHIHBHH 4 HEHHHHHH 0.500000| 0.100000 2,34,5,6
HEHHHHHH R HEHHAHHH 0.500000| 0.100000 2,34,5,6

Table 4 shows atypica classifier list of an ACS that finished the learning experiment
shown in figure 6, solid line. The last eight classifiers are the most general classifiers
the ACS started with. The most general classifiers are never deleted although <6,
so that the match set is never empty. An ACS with the classifier list shown in table 4
has an optimal policy to reach the goa state F in MazeF1.

An ACS with the same parameters as in table 4 was applied in MazeF2. At the end of
the learning experiment one of 25 classifiers was
C = #b#Hbtt# - > - #f#bb#, r, = 7782.220612, g, = 0.446805.
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This classifier ¢ is not reliable because it can be applied in state 5 as well asin state 3
(cf. figure 4). If it is applied in state 3, then it reaches the expected case and q. is
increased. However, if it is applied in state 5, then it reaches the not correctable case
and ¢ is decreased. This is why the dashed curves in figure 9 (section 4.2) do not

reach the optimum. In section 4 this problem is analyzed and solved.

4 A First Extension of ACS

In the so far introduced version of ACS, new classifiers are produced only if the
correctable case is applied during a behavioral act. A specification of changing
components takes place. This means that only those components are specified whose
corresponding sensors of the input-interface change their values during the behavioral
act. Therefore, it is not possible for an ACS to solve a task where at least one
behavioral act, whose behavioral consequences depend on an environmental attribute
that is not changed by the action, plays an important role.

Now an extension of ACS is introduced that enables ACS to solve such tasks. This
extension is called Specification of Unchanging Components.

4.1 Specification of Unchanging Components

Firgt, the algorithm is introduced and second, an exampleis given.
Let S be the current state and c=C- A-E the active classifier. If the

application of ¢ does not lead to the expected case, then cremembers S;. Let S, bea
later state that leads to a behavioral act where ¢ is applied and leads to the expected
case. Then, a component is randomly selected out of all components with the
following property: S, isdifferent from S, in this component and C and E consist of
a#-symbol in this component. If such a component i exists then the i-th component of
C and E isrespectively replaced by thei-th component of S,.

A parameter that defines a maximum number of components with specifications of
unchanging components can be used. This parameter u,,,, is called maximum number
of unchangeable components. It is also possible to use a parameter ¢, that definesa
maximum number of changeable components and controls the specifications during
the correctable case. c,,, isnot used in this paper.

The following example will show how specification of unchanging components
can be used. Let's consider the classifier##b#btt# —> - ##f#tbb# once again that
is produced by an ACS in MazeF2.clfs active ing =5, i.e. S= btbtbttt, then the
not correctable case is applied and gets a so called mark. This mark rememl&rs
i.e. c = ##b#btt# - - ##f#tbb# -> btbtbttt now. It becomes active iro =3 later
on, i.e.S= ttbtbttt, then thexpected case is applied an&is compared with the mark.
The only different component is the first one. Therefore, a new classifigr is

produced that is specified in the first componegy,, = t#b#btt# —> - t#f#tbb#.
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Crey AWways reaches the expected case and will become reliable because it is
applicable only in state o = 3.

4.2 AnACSin MazeF2

Figure9 shows the results of two learning experiments of an ACS in MazeF2.
Environmental reward is given in the goal state F. The dashed curves show the results
for an ACS that does not use the specification of unchanging components (U, =0).
The optimal performance is not reached. The solid curves show the results for an ACS
that uses the specification of unchanging components. u,,,, = n causes no limitations
a al (nisthe number of detectors). In this case the optimal performance is reached.

10 T T T T T
' optimal performace -~
100 ! u_max=1000 ——
| u_max=0 -------
8 - .
80 38
- 9 6 | -
§ 60 8
X 2
5 ]
= B 4 1
5 40 g
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Number of Trials Number of Trials

Fig. 9. Average of 10 learning experiments in MazeF2: p =10000 in state F, b, = 0.05,
b, =0.001, p, =05, 6, =0.9, 6 =0.1, MaxSteps = 100, end_explor = 500

Figure 10 shows the results of two analogous learning experiments without
environmental reward in the goal state F. As expected, the number of stepsto food do
not become smaller but an internal model islearned.
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Fig. 10. Average of 10 learning experiments in MazeF2: p =0 in state F, b, =0.05,
b, =0.0, p, =05, 6, =09, & =0.1, MaxSteps = 100, end_explor = 500

4.3 Generalized Marks

Let us consider an ACS in MazeF3 to show that the marks of a classifier can be
generalized to improve the specification of unchanging components. An ACS that did
not use specification of unchanging components (same parameters as in table 4)
produced c = ##HbttH - > - #HH#tbbH, 1, = 3.524158, q. =0.251021. ¢ can be
applied in the environmental states o; =4, S =ttbtbttt, o, =5, S, = bbtbbttt and
05 =6, S; = btbtbttt, but only in S; the expected case is reached. Let us assume that
the classifier c was applied in o,, i.e. it contains the mark S,. When c is applied in
05, then it cannot get the markS; because it is aready marked. Therefore
generalized marks are introduced now.

Each component of a mark can contain a set of detector values. If a classifier
already contains a mark M =(m,,...,m,,) and shall be marked with a further state
S=(s,....,Sy) , then each component of M isupdated by m  m O{s}.

In our example the classifier ¢ first is marked with S, and gets the mark
M = ({b}.{b}{t}.{o}.{b}.{t}.{t}.{t}) . Then it is marked with S, and the mark becomes
M = ({o}.{b,t},{t.b}{b,t}.{6}{t}.{t}.{t}). When c is applied in S, now it reaches the
expected case and specification of unchanging components takes place.

Therefore, it is necessary to define what it means that a component of S is

different from the mark M:
A component s of a state Sis different from a component mof amark M, if sOm.
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In our example only the first component of S is different from M and the
classifier is specified in the first component of its condition- and expectati on-part.

44 AnACSin MazeF3
Figures 11 and 12 show the results of two learning experiments of an ACS in

MazeF3. On the one hand specification of unchanging components with generalized
marks is used (solid lines) and on the other hand it is not used (dashed lines).
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5 A Second Extension of ACS

In this section an extension of ACS is discussed that enables an ACS to deal with a
special kind of non-Markov states, i.e. a very special kind of non-deterministic
environment.

5.1 The Perceptual Aliasing Problem in Woods Environments

As mentioned in section 3.1, MazeF4 is not deterministic from the agent’s perspective
because the environmental states 3 and 9 are not distinguishable. This problem is
called theperceptual aliasing problem and non-distinguishable but different states are
calledaliasing states.

A state S is an aliasing state, if there is a sequeien(0)....,S,a(t) with
p{Sat).S.....a(0) So} =1and p{Sfe(t) 8} # plSulat) s .-...a(0), So} B

An aliasing state is a special kind of non-Markov state because in general
p{Salt).S.....a(0).S,} can be different from 1 in non-Markov environmeits.
Woods environments there is always a sequer&ga(0)...,S.a(t) with
p{S[+1|a(t),S[,...,a(0), SO} =1, except for a new approach by Lanzi & Colombetti [8].

Cliff & Ross [3] introduced memory to ZCS and Lanzi & Wilson [9] introduced
memory to XCS in order to deal with aliasing stEtBrsIhis section another approach
called action chunking is introduced to avoid aliasing states.

Before an ACS can deal with aliasing states, it needs a criterion to recognize an
aliasing state:

Let S, be the current state and the classifigr=C, - A, - E, be the winner of

the competition and let, reach theexpected case. If ¢, is marked and if the
specification of unchanging components fails then the ACS assumes thgj is an
aliasing state.

5.2 Action Chunkingin ACS

An ACS buildsaction chunks to avoid aliasing states. This is done as follows:

Let ¢, =C, - A — E; be the classifier that was active just befogeand led to the
expected case, i.eS" =S,. (¢, can also be a classifier that was produced by
specification of unchanging components or in the correctable case just beforec,
became active.) The classifieg and c, can be used to create a new classifier
which avoids the aliasing stat8,. This new classifierc,o, = Cpay = Arenw — Enew

consists of
Cpay = Passthrough(C,,C;), Ea, = passthrough(E;,E,)and A, = A A, .

2 p{A|B} isthe conditional probability of A given B.
8ZCSand XCS are well known learning classifier systems.
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AA, means that the output-interface first executes A and then A, and is
caled action chunk of A and A, .
The following transformation explains the definition of E,g,:
si = paﬂhrough(SS“‘,Ez)
= passthrough( passthrough(s;, E; ). E, )
= passthrough(S,, passthrough(E; , E, )
= passthrough(S,, Eyex)
because passthrough is associative. Both components of passthrough can contain
‘#'-symbols.
Note: The definition ofC,, is correct. If you defineC,, = passthrough(Cl,Cz),
then there is no guarantee that the new classifier matBhgsS, is the state just
before S,). An alternative is to defin€,, =C,, but it is not used here.

It is possible that an action chunk consists of more than two actions. So we define a
maximum number of simple actions in an action @&, .

5.3 Controlled Action Chunking

If an ACS uses action chunks, then it can produce classifiers with useless action
chunks, for example a classifier with an action chdnk-> first moves north and
then moves south with the result of being in the same state as before. A further
algorithm is introduced that solves this problem.

Controlled execution of a classifier with an action chunka,,...,a, using a

message ligul:
M:={m,} with my:=5
For i=1..,k:
Execute & and perceive its result m.
If mOM then

decrease the quality g, of ¢ and stop
el se
M:=M O{m}.

Conpare m,=S,, with S¥ and cal cul ate the |earning
al gorithm for behavioral acts.

54 An ACSin MazeF4

Figure 13 shows the results of an application of an ACS in MazeF4.
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Fig. 13. Average of 10 learning experiments in MazeF4: 0 =10000 in state F, b, = 0.05,

b, =0.001, p, =05, 6 =09, 6 =0.1, Uy, =1000, MaxSteps = 1000, Ay =2,
end_explor = 500

If action chunking is not used and an ACS is applied in MazeF4, then the ACS is not
able to learn a good policy to reach the goal state F. It always learns a policy that
contains an infinite loop. Let us assume that the policy is optimal for all states except
of the aliasing states 3 and 9. The policy in the aliasing states can either be > or <. If
itis> and atria startsin state 9 or 10, then the ACS dternates between state 9 and
state 10. If it is € and atrial starts in one of the states 3, 4, 5, 6, 7, 8 or 9, then it
aternates between states 3 and 4.

6 Summary and Conclusions

Learning in an ACS can be summarized as follows: First, an ACS learns action-effect
relations, i.e. it learns which environmental changes occur reliably when an action is
executed. This is done in the correctable case (cf. section 2.4.1). An ACS with this
basic learning algorithm only learns in MazeF1. Second, if action-effect relations are
not sufficient for successful behavior like in MazeF2 and MazeF3, then additional
situational properties are taken into account. Situation dependent action-effect
relations are being learned. This is done by specification of unchanging components
(cf. section 4.1). Third, an ACS can form action chunks to avoid aiasing states. In
section 5 is shown that an ACS that uses action chunking can learn in MazeF4.
Figure 13 shows that an ACS can learn very quickly in MazeF4. Future research will
have to show whether this result is specific to MazeF4 or whether an ACS is able to
learn quickly in any woods environment with aliasing states, for example in

Woods101, Maze7, Woods1014 , Woods102 [9] or Maze10 [8].



An Introduction to Anticipatory Classifier Systems 193

Up to now a very important assumption for an ACS is that its environment is
amost deterministic. What happens if an ACS is applied in several kinds of
probabilistic environmentsis discussed in [2].

In this chapter ACS were applied in simple “woods” environments. Applications of
ACS in learning robots can be found in Stolzmann & Butz [this volume, pp. 303-320]

Notations

Anticipatory behavioral control:

S Situation, Stimulus

R (Re)action, Response
E Effect

Environment:

t time

a(t) state (external)
a(t) action (external)
p(t) reward (external)

Anticipatory Classifier System:

Number of detectors

state (intern)

Classifier

Condition part of a classifier

Action part of a classifier

Expectation part of a classifier

Mark

quality

reward-prediction

bid ratios for updating andr

exploration probability

fitness (f =q)

max. no. of unchangeable components

max. no. of changeable components

max. no. of simple actions in @apart

max. no. of steps (=behavioral acts) during action-planning
(used in Stolzmann & Butz [this volume, pp. 303-320
threshold for the reliability of a classifier( g, =8, O cis reliable)

threshold for the inadequacy of a classiti€lg, <8, U cis inadequate)

STezmM>000nS
>
o

o

c o
3 x
2

(o]

3
8

0
g

2

© D

Woods environment:
MaxSteps maximum number of steps to reach the goal state
end_explor the end of exploration during a learning experiment
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Abstract. Previously we have applied rule linkage to ZCS and shown that the
resultant system demonstrates performance improvements over ZCS in a series

of sequentia tasks, particularly tasks which present ambiguous stimuli to the
system. In this paper we show that similar benefits can be gained by applying

rule linkage to the more complex XCS. We then show that the benefits of rule-
linkage can be increased by further XCS specific modifications to the system’s
rule-linkage mechanisms.

1 Introduction

Wilson and Goldberg [8] originally proposed the theoretical possibility of forming
rule-clusters or “corporations” within the rule-base of a Michigan-style classifier
system [3]; a theory that was further developed by Smith [4].

In our previous work we have implemented a corporate classifier system (CCS)
[5,6,7] based on the ideas of Smith [4] which demonstrates that rule-linkage can, for a
certain class of problems, offer benefits to a system based on the zeroth-level
classifier system (ZCS) [10]. Here we show that similar benefits can be gained when
similar rule-linkage mechanisms are applied to XCS [11].

The paper is arranged as follows, a brief description of XCS is given in the next
section, followed by an overview of the rule-linkage mechanisms implemented in
CCS. The application of rule-linkage in XCS is then discussed and performances of
XCS and CXCS are compared in two contrasting classes of environments. The first,
Woods2 [11] tests the systems’ abilities to form external associations, and in
particular the capability to form accurately general hypotheses. The second class of
environments is comprised of Delayed Reward Tasks (DRTs) [5] and tests the
systems’ abilities to form predominantly internal associations. A number of
modifications to the rule-linkage mechanisms are then proposed which are shown to
improve performance of CXCS in this second class of environments.

2 XCS

The most significant differences between XCS and traditional Michigan-style systems
are that XCS dispenses with the internal message list and perhaps more importantly

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS ‘99, LNAI 1813, pp.195-208, 2000.
© Springer-Verlag Berlin Heidelberg 2000
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that in XCS, rule fitness for the genetic algorithm (GA) [3] is based not on rule
predictions (or strengths) but on the accuracy of these predictions (see also Frey and
Slate [2]). The intention is to steer the population to form a complete and accurate
mapping of the search space (consisting of optimally general classifiers) rather than to
simply focus on the higher payoff nichesin the environment.

A further difference isthat rather than executing the GA panmicticly, XCS restricts
GA activity to within niches defined by the match sets [1]. XCS has been shown to
evolve rules that are maximally general, subject to an accuracy criterion. This
encourages efficiency in knowledge representation within the rule-base. A brief
overview of XCS functionality asimplemented here is now given.

On each time-step, within the performance component, the system receives some
binary-encoded sensory input and forms a match-set [M] consisting of al stimulus
matching rules. A system prediction is then formed for each action represented in [M]
according to a fitnessweighted average of the predictions of rules in [M] that
advocate that action. The system action is selected either deterministically,
probabilistically (roulette-wheel selection) or randomly from actions with non-zero
predictions. Rulesin [M] that advocate the selected action form an action-set [A]. The
action is sent to the system effectors and a reward may or may not be received from
the environment. If [M] is empty a covering operator is employed to create a new
matching rule.

Reinforcement in XCS consists of updating three parameters, p, E and F for each
qualifying rule.A rules fitness (F) is updated every time it belongs to [A]_1 (or [A] in
asingle-step problem). The fitness is updated according to the relative accuracy of the
rule within the set. There are three steps to the calculation:

1. Eachrule'saccuracy Kj is determined as follows:
Kj =exp[(In a)(Ej -Eg)/Eg)] * 0.1 for Ej > Eqotherwise 1.

2. A relative accuracy K’j is determined for each rule by dividing its accuracy by the

total of the accuraciesin the set.
3. The relative accuracy is used to adjust the classifier's fitness Fj using the

moyenne adaptive modifee (MAM) [11] procedure: If the fitness has been
adjusted 1/ times, Fj <- Fj + B(K’j - Fj). Otherwise Fj is set to the average of the
current and previous values of K’j .
Next Ej is adjusted using P (see below) and the current value of P The Widrow-Hoff
technigueis used as follows:

Ej=E+B(P-pj|-E).
Finally Pj is adjusted. The maximum P(g) of the system’'s prediction array is

discounted by a factor y (0 < y <= 1) and added to any external reward from the
previous time-step. This value is called P and is used to adjust the predictions of the
rulesin [A]_4q using the Widrow-Hoff deltarule [11] with learning rate 3 (0 < B <=1).

P =p; +BP-p.
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The GA acts on the match-set [M] . Two rules from the niche are selected for
reproduction stochastically based on rule-fitness. The XCS population, [P] may be of
fixed size or of variable size (and initialized to 0). A maximum size, Np is defined. If

[P] contains less than Np members, the copies are inserted into the population and no

compensating deletion occurs. Otherwise two rules are selected from [P
stochastically. Each rule keeps an estimate of the size of the match-sets in which it
occurs. A rule’s deletion probability is set proportional to this match-set size estimate;
this tends to balance system resources across all presented niches.

The GA is activated within a match set if the humber of time-steps since the last
GA in that match-set exceeds a specified threshold. Each rule is time-stamped at birth
with the value of a counter incremented each time-step. When a match-set is formed
XCS computes the average time-stamp of its rules and executes the GA if the
difference between the average and the current counter value exceed the threshold
value (typically this threshold is set to 25).

An action selection strategy is randomly determined at the beginning of each task.
There is a 50% likelihood that on each step the action will be selected randomly from
those advocated within [M] by rules with non-zero predictions. Such trials are termed
exploration trials. On the other trials, termed exploitation trials, a deterministic policy
is adopted. During testing exploration is turned off for the last 1000 trials. The XCS
GA is only active on exploratory trials, and as such is also turned off at the end of
runs. The aim is to facilitate evaluation of the resultant rule-base’s utility at the end of
the learning period.

In this work, the system is equipped with a fixed size population (randomly
initialised), and the concept of macro-classifiers [11] is not employed. Wilson states
that this is simply a coding issue and as such should not effect results.

3 Corporate Classifier Systems

Our previous CCS, based on Wilson’'s ZCS model [10], employs linkage between
rules in the population to form rule-chains or “corporations”. Each rule in the
population is equipped with two, initially inactivank parameters, a “link forward”

and a “link back”. When activated, either, or both of these links may reference
another rule in the population. The result of such associations is a population of
arbitrarily long rule-chains or corporations, whose members are treated as collective
units, both by the discovery component and the performance component of the
system.

Activities of the discovery component are based on a measuooepof ate fithess.

For a single rule, this value is the same as its strength parameter as determined by the
performance component. For linked rules, corporate fitness is set to the mean strength
of all rules in that particular corporation.

If a corporate rule is selected for deletion then the corporation is first disbanded
(the linked-list is separated) and then the selected rule is deleted from the rule-base. If
a corporate rule is selected for reproduction then the whole corporation is reproduced.
The crossover mechanism is expanded to facilitate a forcorgbrate crossover
which produces as offspring, a single hybrid corporation which inherits sections of
both parent corporations (see figure 1).
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Corporations are encouraged to encapsulate temporal chains of inference and so
offer improved performance in tasks, such as the previously mentioned delayed
reward tasks, which present arbitrarily ambiguous sensory stimuli. Rule-linkage,
initially triggered with a fixed probability of 0.1 per time-step, acts across subsequent
match sets ([M]) choosing a candidate to join probablistically (based on strength),
from each niche. Unlike the original ZCS design, the GA is also restricted to acting in
match set niches. These precautions ensure that corporations tend to represent viable
sequences of previously presented stimuli, along with associated system responses.

In contrast to the original proposals of Wilson and Goldberg the performance
component of CCS is made responsive to the presence of corporations. Asin ZCS, on
each time-step the system action is selected according to a roulette-wheel selection
policy based on the strengths of rules within [M]. This rule is examined for corporate
status (i.e. isit linked to another rule?). If a corporate rule has been selected then that
corporation has absolute control over the system until either a reward is received (at
which point a new task begins) or, the appropriate rule in the chain does not match the
currently presented stimulus. In either event performance system functionality returns
to standard ZCS behavior.

Crossover Point
|

|
W - ’|’3 Parent 1

|
4 ‘“"sl A

Parent 2

T

|
1’8 ’|’6"“‘7’ Offspring

Fig. 1: Corporate Crossover
Rules 1', "and 7' are copies of the rules in the
original corporations. Rule 8 is the product of crossover
between rule 2 and rule 3.

So, if on some time-step t, a corporate rule takes control of the system, then on the
next step, t+1, if the next rule in the corporation matches the new stimulus, control is
held and the action of this rule automatically becomes the system action at time t+1.
This characteristic of the performance component is referred to as persistence and has
been shown to enable CCS to overcome sensory ambiguity during multiple-step tasks
[5].

Further encapsulation of corporationsis achieved by preventing any rule which has
an active “link back” (i.e. a follower) from entering [M], unless it links back to the
rule that is currently in control of the system.

4 CXCS: Corporate XCS

The linkage mechanisms of CCS are now implemented in a version of Wilson’s XCS.
This version differs from the original design in that on each invocation, the GA
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(which acts in [M]) produces only a single offspring. As the XCS GA activation
policy is based on the mean age of classifiers within the niche, it is anticipated that
this difference will result in only minor performance variations. As the mean age
within the niche will be less reduced by each GA action due to the addition of only
one new rule, the GA should simply occur slightly more frequently within each niche.
During comparisons, the GAs of both XCS and the corporate system, CXCS, produce
asingle offspring rule or corporation on each invocation.

Rules within the system are given the same linkage components as those in CCS
and linkage occurs again between rules from subsequent match sets at a fixed rate
(typically a 10% probability on each step). Like the GA, linkage occurs only on
exploratory cycles and so is also turned off for the last 1000 trials of testing. In CCS,
rule selection for linkage could be either random or probablistic, or deterministic,
based on the relative strengths of rules within the niches. The equivalent parameter to
ZCS/CCSrule strength in XCS is the prediction parameter. In XCS it is the accuracy
of the prediction that is used to evaluate rules, and it is not in keeping with XCS
philosophy to base discovery decisions on the prediction parameter alone. Accuracy
and fitness are also discounted as possible weightings for rule selection for linkage. In
CXCSiit is possible that rules that appear to be inaccurate when evaluated alone are
precisely the rules that could benefit from rule-linkage. If the inaccuracy is due to
some sensory deception then the context of a corporate rule-chain may limit a rule’s
activation to instances in which it's action results in a more predictable consequence.
In context the rule becomes more accurate. This is the main motivation for developing
CXCS. With this in mind, selection for linkage in CXCS is determined randomly
from rules (whose appropriate link is unattached) within the niche, imposing no bias
based on the system’s current perception of rule utilities.

Corporations are reproduced and evaluated collectively. As such rules within a
corporation should share certain parameters used by the discovery component. These
are fitness, which determines a rule’s chance of selection for reproduction, and the
estimate of mean match set size which determines a rule’s chance of being selected
for replacement; two parameters are introduced, “corporate fitness” and “corporate
niche size estimate”. For single rules these parameters are identical to their existing
fithess and match set size estimates. For linked rules, these values can be determined
in a number of ways. Each rule could be given the average fithess and match set size
estimate of all rules within the corporation. Alternatively, corporate fithess could be
based on the lowest exhibited fitness within the corporation. In this way, a corporation
is considered only as accurate or fit as its weakest link. This approach certainly offers
the theoretical advantage of a bias against unwanted parasites within corporations.In
the initial design corporate fitness for each rule in a corporation will be set to the
lowest exhibited fitness within the corporation. Corporate niche size estimates will be
determined as the mean match set size estimate within that corporate unit.

As in CCS, corporations can, while they continue to match presented stimuli,
maintain persistent control of the performance component. In CXCS corporations can
only take control during exploitation cycles. To allow such behavior during
exploration trials would represent a significant degradation of the system’s discovery
abilities. Again, as in CCSpllowers (rules with an active “link-back” component)
are given only limited access to [M].

When comparing systems that introduce different numbers of offspring per
invocation of the GA it is important to consider the differences in relative rule
replacement rates. Without such consideration it is possible to generate quite
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misleading comparisons of systems as rule replacement concerns tend to be amongst
the more fragile aspects of classifier system design. To counteract this, a variable
element is introduced into the CXCS GA activation. The system records the number
of rules reproduced on each invocation of the GA (i.e. the size of offspring
corporation, Sp). When the existent activation policy indicates that the GA should

fire, a further mechanism will only allow the GA to fire with probability set according
to the reciprocal of the mean offspring size parameter, Sy, (initidized to 1). This

estimate is adjusted on each invocation of the GA according to the standard Widrow-
Hoff delta rule [11] with the learning rate parameter 3 (typically 0.2), i.e. Sy, <- Sp

+ B( S¢ - Syy)- This modification to the GA activation mechanism ensures at least a

more consistent rate of rule replacement throughout testing, however the drawback is
that a corporate system, compared to a standard system will incur a relative reduction
in crossover events. The more significant factor is perhaps the rule replacement rate
and its effect on convergence within the rule-base, and so here, the variable GA
activation policy is adopted for all tests.

An implementation of CXCS, as described above, is now compared to XCS
initially in Wilson’s Woods2, an environment that does not require the presence of
internal associations within the system'’s rule-base, and then in a series of delayed
reward tasks which can only be solved by the formation of internal associations
between rules.

5 Analysisof Performance

51 WOODS2

Woods2 [11] is a two-dimensional, toroidal grid-world comprised of 30 x 15 cells.
Each cell in the grid may be blank or occupied by one of four types of object, two of
which are “food” and two are “rocks”. The system is considered to be an artificial
animal which traverses the rectilinear grid-world seeking food. It is capable of
detecting the sensor codes of objects occupying its surrounding eight cells. These
codes (each of which is three-bits long) comprise the system’s stimulus at any time-
step. 000 represents a blank cell, 110 and 111 represent food type objects, and 010
and 011 represent rocks. As such the stimulus length is 24-bits, with the left-hand
three bits representing the cell due north of the current location, and the remainder
corresponding to cells proceeding clockwise around it. On receipt of such a stimulus
the system decides upon one of eight actions, which represent an attempt to move into
one of the surrounding squares. If the cell is blank, the system moves into it, if the cell
is occupied by a rock then the system is not able to make the move and if the cell
contains food then the move is allowed and the system receives a reward
(rimm=1000), this is considered to be the termination of an individual trial. During

testing, on the receipt of such a reward, the artificial animal, or animat [9] is randomly
relocated in some blank cell, again ready to seek some food object. A record is kept of
the mean number of time-steps taken to reach food over a period of 4,000 successive
trials and this is used as a measure of system performance. For further details of
Woods2 see [11].
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5.2 Performancein WOODS2

The XCS and CXCS models described above are now tested in Woods2. System
parametersfor thesetestsare asin [11]:

Rulebase Size: Np = 800,

Probability of # at an alele position in theinitial population: P# = 0.5,

Initial rule prediction = 10.0,

Learning Rate: 3 = 0.2,

Discount Factor: y=0.71,

Probability of crossover per invocation of the GA: x = 0.8,

Probability of mutation per allele in the offspring: p = 0.01,

If the total prediction of [M] is less than ¢ times the mean of the population ([P]),
covering occurs. @ = 0.5.

GA activation threshold parameter = 25,

Number of single-rules or corporations produced by GA as offspring per invocation,
1.

Initial rule error: = 0.0

Initial rule fitness: = 10.0

accuracy function parameter: ep. = 0.01

accuracy function parameter:a =0.1
Linkage Rate: = 0.1,

Plots of performance are presented (figure 2) which show that both designs reach
near optimal performance. Performance plots here represent the average steps to food
in the last 50 exploit problems, and the curves are averages of ten runs.

10

Stepsto food
o no =Y D <o

1000 2000T 00 4000

ri 530
Fig. 2: Performancein Wooda&L

XCS achieves near optimal performance in Woods2 and so it was unlikely that
CXCS would offer performance improvements in this Markovian environment which
presents no sensory ambiguities to the system. The aim was simply to assess the
extent of incurred overheads due to the more complex structures present in the new
system. About 130 corporations of various sizes are present in the resultant rule-base
and this figure breaks down approximately as follows:

This accounts for amost half of the rule-base, and so their presence can be
considered significant. Their effect on performance however is less so. In this
instance it appears that is an acceptable scenario. It should be stated that as the
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linkage rate is increased from 0.1 the presence of corporations does start to degrade
CXCS performance in Woods2 more significantly (not shown).

Table 1. Corporations present after testing in Woods2
Size 2 3 4 5+

No. Of Corp. 80 30 10 10

The systems are now tested in a series of environments in which it is hoped that
corporations will in fact be able to improve system performance.

5.3 Simple Delayed Reward Tasks (DRTS)

On each of N timesteps the system is presented with a stimulus and must select one of
A actions, where A is a variable integer value which defines the breadth of a maze. N
is the number of states or nodes to a reward and thus defines the maze depth. After N
steps, the system receives a reward from the environment and a new task then begins.
The size of the reward depends on which route the system chooses and so over time
the system learns the optimum reward yielding route through the maze.

There is however more than one maze. There can be up to Mz different mazes. The
system is informed which particular maze it is being presented with only on the first
time-step of each trial. On all subsequent steps the stimulus is representative only of
the current time-step in the trial. The maze is selected randomly at the start of each
trial.

Figure 3 illustrates a ssimple task of this type with A set to 2, N set to 2 and Mz set
to 2. The environmental stimulus at each time-step is aso included. In this example, a
reward of 1000 is awarded for one route on each map. All other routes receive a
reward of O.

Maze 1 . Heward

|
000 , 001 | Stimuli

|
111 001 | Stimuli
Fig. 3: Simple Delayed Reward Task - DRT 2:2
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Throughout this work, asin figure 3, the message length L is set to 3. With L set to
3 there are 8 possible stimuli and so for a two map problem the maximum depth will
be 7, as the first time-step (tsg) takes two stimuli. Similarly with L set to 3 a four

maze problem may have a maximum depth of 5.
In the task depicted in figure 3 rule-linkage will enable the system to determine the
appropriate move on the second timestep (ts1). In maze one the correct actionis 0 and

in mazetwo it is 1 (the stimulus however is the same - 001).

5.4 Performancein DRTs

Tests are now conducted in a series of four such delayed reward tasks. On each time-
step the system must choose one of two actions (0 or 1). The first task, 2:2 consists of
two mazes of length two the second task, 2:3 consists of two mazes of length three,
etc. One path in each maze will yield areward of 1000, all others return areward of O.
The mazes are set up so that if the system selects the same action on each step through
the maze it will be guaranteed a reward of 0. This precaution ensures that the
successful solution of the mazes is not achievable by a single completely generd rule,
and will in fact require some form of cooperative behavior within the rule-base. Tests
consist of a series of 10,000 trials and all curves are again averages of ten runs. The
plots (figures 4, 5, 6 and 7) represent the average score over the last fifty exploitation
trials. All parameters are as in the previous tests in Woods2 with the exception of the
population size, (400), and the probability of a# at an alele position in the condition
of arule (0.33). These are more standard parameter settings, as used by Wilson when
testing ZCS [10], and also when testing XCS in the Boolean Multiplexor Problems
[11]. Figures 4 to 7 aso include plots of CXCS with linkage rate increased from 0.1
to 0.25. It can be seen that in these environments an increase in rule-linkage does
provide some benefit.

According to the XCS action selection strategy, on a fixed proportion of trials
selection will be random from all advocated actions. On such an exploratory trial all
rules are likely to receive variations in profit according to the different contexts in
which they fire (even if al rules are 100% specific). This will clearly result in low
perceived accuracy for al firing rules. XCS accuracy is determined by a quite severe
function with a sharp cutoff beyond the acceptable error margin. In such mazes it is
possible that al firing rules on any time-step will exhibit a perceived accuracy of 0,
leading to each rule having a resultant relative accuracy, and thus a fitness based on
the reciprocal of the niche size. Although, during an exploitation cycle, rules
representing the optimal system action may be present in the niche, with the bid based
on the prediction scaled according to fitness, there will be no discernible bias towards
the higher reward yielding action and so the system has certain difficulties mapping
the maze which imposes rule co-dependencies that XCSis unable to facilitate.

The effects of the above problem are illustrated by the state of the rule-base at the
end of testing and also by the continual activation of the cover operator, especially
during the last 1000 exploitation trials. On a 2:2 task for instance, the rule-base will
contain many rules of varying specificity that match the “second step stimulus” (001).
All of these with the exception of the fully general ### rules have a fitness value of 0.
The prevalent ### rules tend to increasingly occupy both niches and thus their
prediction values will slowly fall to 0 (due to the previously mentioned precautions
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taken with the reward scheme designs), and over this period their fitness values will
gradually rise to maximum fitness. Eventually [M] prediction on the second step falls

below the threshold parameter value and the cover operator is invoked. This process
continues throughout the test period.

CXCS does exhibit some ability to map these “internal association” tasks, however
results are somewhat disappointing and certainly do not compare to the equivalent
results produced by running the CCS model in the same tasks [5,6]. In a 2:2 task, for
example, the resultant rule-base at the end of testing will typically contain about 100
corporations. These will be of indeterminate length and there will be a number of
excessively long corporations. In the equivalent CCS test, the resultant rule-base
would typically contain approximately 200 corporations, of which, just about all were
of length two. In other words the entire population had linked to form corporations of
the appropriate length to tackle the presented task.

1000 1000

rias
Fig 4. Performancein DRT 2:2 Fig 5. Performancem DRT 2:3
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sofSRE e | Sos=lR M ASy
© 600 #0600
3 400 400

200 ¥ % YR R RS 200
o AR b vk B o AT AR
0 2000 4000_6000 8000 10000 0 20{I} 4000 6000 800010000
Trials Trials
Fig 6. Performancein DRT 4:2 Fig 7. Performancein DRT 4:3

Finally, in the next section, we show that the CXCS mechanisms can be modified
to provide significant performance improvements in the more complex delayed
reward tasks.
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6 Modificationsto CXCS

6.1 A Re-evaluation of Corporate Fitness

Wilson [11] suggests as a future avenue of research that the concept of fitness based
on accuracy of prediction could be extended to classifiers with expectons. An
expecton takes the form of an additional condition, but is a prediction of the resulting
sensation or stimulus.

Such a system does not only match stimulus action pairs with prediction values,
but with some anticipated stimulus. Fitness for such rules may not only be based on
accuracy of prediction but may also, or separately, represent the accuracy of the
expecton in predicting the next sensation. This principle can be adapted for use in
CXCs.

Although rules in CXCS do not have an expecton, if their “link forward” is active,
they are still associated with information about some anticipated stimulus. This is in
the form of the condition of the rule that they are linked to. Actually such a rule may
be associated with information regarding any number of anticipated future stimuli,
dependent on the length of the corporation.

With this in mind, an alternative measure of fithess may be employed in CXCS for
rules with active forward links, based not only on the accuracy of their prediction but
also scaled according to the ratio of “control hitsj{) @ the total number of times

that control is received (. If a rule takes control of the performance component and

on the next time-step the following rule in the corporation matches the subsequent
stimulus and therefore inherits control of the system successfully, then this is
considered to be a “control hit". If the rule fails to match the presented stimulus, then
this is a “control miss”. As such, this ratio acts as a measure of how accurately the
corporation is representative of some perceived aspect of the test environgent. C

and G are updated each time the rule takes control of the system (but on formation of
[M] +1). The control ratio parameter is adjusted as follows=CC, / C.. This is

determined prior to fitness calculations. On fitness adjustments, the relative accuracy
parameter, K’ is scaled according to the control ratio before the fitness parameter is
updated in the usual manner. As previously, corporate fitness is consistent for all rules
in the corporation and is based on the lowest member fithess in the corporation.
Corporate niche size estimate is again set to the mean match set size estimate of
member rules.

Figure 8 shows performance plots of this modified version of CXCS in the same
series of four delayed reward tasks as used in section 5. Rule linkage rate is again set
to 0.25 and all other parameters are as in section 5.

The new fitness evaluation produces improved results in the harder delayed reward
tasks. At the end of testing the system generally contains about 100 corporations,
most of which are of the appropriate length for the particular task (i.e. of length two
or three). On inspection of the plots it is clear that the excessive number of
exploration trials are creating difficulties for the performance component. This is
evident by the abrupt performance improvement when exploration is turned off for
the last 1000 trials of testing.
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Fig 8: Performance of modified CXCSin DRTSs.

6.2 A Variable Exploration Rate

An adjustment to the exploration/expl oitation decision process may offer performance
benefits. One approach experimented with here is to reduce the probability of
exploration periodically throughout the evaluation runs.

1000

[5—E1DRT 4:3

0 2000 4000Tri 65000 8000 10000
Fig 9. Performance of modified CXCSin DRTs.

Theinitial probability is 0.5 and every 100 trials thisis reduced by one tenth of the
current value. This simulated annealing of the system over time offers the
performance component increasing opportunities to evaluate the corporate rule
structures. Due to the persistent nature of corporations this has become a somewhat
seria affair, and so perhaps the performance component now requires a reduction in
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the relative rate of genetic activity. Performance plots (Figure 9) show that this
maodification offers some benefit to CXCS in the harder of the four delayed reward
tasks. Apart from the variable exploration rate, the system is identical to the system
presented in section 6.1.

Within the population, accurate and thus fit corporations are present which
collectively map the entire problem space of these tasks, i.e. for each map all possible
routes tend to be represented along with reasonable prediction values for these routes,
as represented by the predictions of component rules within the corporations.

One final consideration is the evaluation of the modified CXCS model in Woods2.
It is important to ensure that the new mechanisms do not disrupt system stability in a
less controlled environment than the time constrained delayed reward tasks. Figure 10
shows performance in Woods2 of the modified CXCS. All parameters are as in
section 5.2. At the end of 4,000 trials the system reaches food in an average of two
steps to food. This plot is comparable with the earlier plot (Figure 2) for CXCS with
the original configuration; improvements for delayed reward tasks have no significant
effect on stimulus response tasks here.

10

oo EQES (modified)

Steps to food
o o o (o] o

1000 ?% 3000 4000
Fig 10. Performancein Woods2

7 Conclusions

This work has shown that it is possible to include the corporate concept in a system
based on XCS and achieve similar benefits to those gained in ZCS. The resultant
system, CXCS, demonstrates reasonably equivalent abilities to XCS in tackling
Woods2, an environment which offers many opportunities for generalization. It isalso
capable of making some internal associations necessary to solve the delayed reward
tasks presented here.

It has further been shown that performance improvements in the delayed reward
tasks can be gained by re-evaluating corporate rule fitnesses according to their
consistency in maintaining control of the system, and also by reducing the exploration
rate during training. The modified CX CS was tested in Woods2 and it was shown that
the modifications do not excessively disrupt performance in this environment.

From rule-base inspection, the modified fitness calculation appears to encourage
increased generalization within corporations, certainly for “followers”, and to an
extent which accuracy permits. This is most apparent when examining the rule-base
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after the system has been trained in Woods2 (not shown). A full investigation of the
generalization abilities of our CXCS represents future work.

Acknowledgments. The authors thank Pier Luca Lanzi for useful guidance during
the development of XCS.
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Abstract. Classifier systems have traditionally taken binary strings as
inputs, yet in many real problems such as data inference, the inputs
have real components. A modified XCS classifier system is described
that learns a non-linear real-vector classification task.

1 Introduction

A classifier system is an on-line learning system that seeks to gain reinforcement
from its environment based on an evolving set of condition-action rules called
classifiers. Via a Darwinian process, classifiers useful in gaining reinforcement
are selected and propagated over others less useful, leading to increasing system
performance. The classifier system idea is due to Holland [2], who laid out a
comprehensive framework that included generalization of classifier conditions,
internal message-passing and reinforcement, and computational completeness.
For a number of years, the idea has inspired many. A “population” of hypothe-
ses, generated plausibly but partly randomly from other hypotheses and subject
to confirmation by the environment, intuitively corresponds to our own mental
experience, and indeed suggests a cognitive model. Classifiers that read input
detectors and respond by posting messages seem to bridge the gap between phy-
sical stimuli and concepts. Generalization by classifiers to cover related input
situations seems to correspond to the formation of rudimentary perceptions.
The extension to learning and thinking of principles of variation and selection—
successful and ubiquitous elsewhere in life—seems natural and deserving of ex-
tensive investigation.

While its genes were promising, the evolution of the classifier system idea has
not been rapid. As a complex adaptive system that also needed to be successful
against a relatively independent environment, learning classifier systems (LCS)
were found not to work well “out of the box”. Instead, progress has come via
simplifications of LCS structure, controlled experiments with environments that
tested individual aspects of the system, and some changes in the original frame-
work. Among the problems encountered were performance better than random
but rarely reaching optimality, difficulty coupling sequential messages, and inac-
curate generalization. One result of this uncertain workability was that an LCS
was rarely the technique of choice in practical applications.

Yet applicability in at least one area—inference from data—may in fact be
great. Data inference is classification, which LCSs are for! A classifier system—
inherently non-linear—should be able to find non-linear categories in complex
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data. And because it consists of discrete rules, an LCS has the virtue, compared
with other techniques such as networks and nearest-neighboring, of exhibiting its
results with a transparency that permits human comprehension. Finally, compa-
red with other techniques, classifier systems, because they evolve general rules,
should be able to learn at a complexity cost proportional to the target concept
and not the underlying input space.

XCS [11/1213] is a new kind of LCS that reaches optimal performance on
quite difficult problems and finds accurate maximal generalizations. Its appli-
cability to data inference tasks is supported by good results with XCS on the
Monk’s Problems [9], adaptation of LCSs to risk-of-outcome analysis [3], demon-
stration of generalized (s-expression) conditions in XCS [7], and demonstration
of noise rejection by XCS [6]. One area that has not received attention, but is
important in data inference, is classification of input vectors having real-valued
components.

Continuous variables such as temperature, concentration, or age may be de-
cisive in classification, with certain ranges of the variables implying one class and
other ranges implying another. LCSs traditionally have taken binary (bitstring)
inputs. Sometimes a binary variable is taken to represent a pre-thresholded con-
tinuous one, but then the thresholding has not been done adaptively. In a version
of XCS taking real inputs—call it “XCSR” —optimally decisive thresholds should
be found automatically. Fuzzy classifier systems [I]—LCSs with rules based on
fuzzy logic—take real inputs and generate discrete or continuous outputs. Most
fuzzy systems, however, do not adapt their membership functions, though this
may, and should, change eventually. Just the same, it is desirable to try to de-
velop XCSR, which if it works will have the advantages of XCS and avoid the
addition of fuzzy techniques.

This paper reports two first experiments with XCSR. The results are inte-
resting, and the real domain is found to introduce issues new to LCSs. The next
section explains the test problem used, the “real multiplexer”. XCSR is intro-
duced in the following section, first by explaining how it differs from XCS, and
then briefly reviewing the elements that remain the same. The two experiments
are then presented, followed by discussion and conclusion.

2 Test Problem

To test XCSR, we wanted a non-linear classification problem for real vectors. As
a simplification, it was assumed that in the input vector z = (xy, ..., 2, ), each
component z; is restricted to the range 0.0 < z; < 1.0. If in an actual problem
the data ranges are known in advance, such scaling implies no loss of generality.
If not, XCSR may still be capable of adapting to the actual ranges, but this has
not been investigated as yet. We also assumed the vector was to be classified
into one of just two classes, 0 or 1, e.g., healthy (0) or diseased (1), as might
occur in epidemiological inference. Finally, it was assumed that the class value
depended on whether or not certain input variables were in certain ranges, e.g.,
(0.12 < 25 < 0.38) A (0.31 < x4 < 1.0) = class 1.
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Given these assumptions, our test problem was an adaptation to real values of
the relatively well-known Boolean 6-multiplexer problem. This provided a non-
linear two-class task of moderate difficulty, and the results could be compared
with previous results on the Boolean version.

The Boolean 6-multiplexer function takes as input a six-bit string and ou-
tputs a truth value, 1 or 0. One way to get the output is to consider the two
leftmost string bits as an unsigned binary number addressing one of the four
remaining bits. Thus in the string 011010, the first two bits “01” address bit
number 1 of the remaining bits. The value of that bit is 0, which becomes the
function value. Alternatively, in disjunctive normal form, the function is given
by Fe = bibiba + b{bibs + bob by + bob1bs, where the subscripts index the bits
left to right and primes denote negation.

To define the corresponding “real 6-multiplexer” (RFg), assume we are given
a real vector x = (zo,...,x5) in which 0.0 < x; < 1.0. Then for thresholds
0.0 < 60; < 1.0, interpret x; as 0 if z; < 6;, else 1. The value of RFy is then
the value of Fy applied to the bitstring that results from these interpretations.
Given random vectors x, XCSR is supposed to learn to return the value of RFg.
XCSR has of course no prior knowledge of Fg nor of the thresholds, 6;.

Note that in the earlier broad problem statement, it was assumed that clas-
sification would depend on variables being in certain ranges. In RFg, the depen-
dence is on variables being above or below thresholds, and this is not as general.
Testing on ranges—and on negations of ranges, or disconnected ranges—awaits
further research. However, as will be seen next, XCSR is at present designed for
connected ranges and could presumably be extended.

3 XCSR

3.1 Changes from XCS

XCSR differs from XCS only at the input interface, in its mutation operator, and
in the details of covering. The differences arise solely from changing the classifier
condition from a string from {0,1,#} to a concatenation of “interval predicates”,
int; = (¢, 8;), where ¢; and s; are reals. To address RFg, XCSR uses classifiers
whose conditions have six interval predicates. A classifier matches an input x if
and only if ¢; — s; < x; < ¢; + s;, for all x;. Thus ¢; can be thought of as the
center value of int;, and s;, termed “spread”, is a delta defined with respect to
¢;- A consequence of using interval predicates is that the number of numerical
values or alleles in the condition is twice the number of components in .

Crossover operates in direct analogy to crossover in XCS. The crossover point
can occur between any two alleles, i.e., it can occur within an interval predicate as
well as between predicates. Mutation, however, is different. Several preliminary
experiments were done, and the best method appears to be to mutate an allele
by adding an amount £rand(m), where m is 0.1, rand picks a real value uniform
randomly from [0, m), and the sign is chosen equiprobably. The result is mutation
by a scaled random increment.
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“Covering” occurs when no existing classifier matches z. In both XCS and
XCSR a new classifier is created which does match. In XCSR the new condition
has components (co, So, .--, C5, $5), where ¢; = x; and s; = rand(sg), with sg a
constant such as 0.5. In XCSR, as in recent versions of XCS, a covering classifier
(with separately generated condition) is created for each possible action. If the
population of classifiers has reached its allowable maximum, deletion of classifiers
occurs to make room for the new ones (deletion is generally not necessary; initial
populations are empty and covering normally occurs only at the very beginning
of a run).

3.2 Common Features of XCSR and XCS

The following is an abbreviated description of XCS (see [11J12l[4] for more detail).
XCS is designed for both single- and multiple-step tasks, but this description
will apply only to XCS for independent single-step tasks in which an input is
presented, the system makes a decision, and the environment provides some
reward. All material in this section applies equally to XCSR.

Each classifier C; in the population [P] has three principal parameters: (1)
payoff prediction p;, which estimates the payoff the system will receive if C;
matches and its action is chosen by the system; (2) prediction error €;, which
estimates the error in p; with respect to actual payoffs received; and (3) fitness
F};, computed as later explained. It is convenient to divide the description of
a single operating cycle or time-step into the traditional performance, update
(reinforcement), and discovery components.

Performance Upon presentation of an input, XCS forms a match set [M] of
classifiers whose conditions are satisfied by the input. If no classifiers match,
covering takes place as described earlier. Then for each action aj represented in
[M], the system computes a fitness-weighted average P}, of the predictions p; of
each classifier in [M] having that action: P, = >, Fyp;/ >, Fj. Py, is termed the
system prediction for action k.

Next, XCS chooses an action from those represented in [M] and sends it to
the environment. According to the action-selection regime in force, the action
may be picked randomly or otherwise probabilistically based on the Py, or it
may be picked deterministically—i.e., the action with the highest P} is chosen.
Finally, an action set [A] is formed consisting of the subset of [M] having the
chosen action.

Update In this component, the parameters of the classifiers in [A] are re-
estimated according to the reward R returned by the environment as a con-
sequence of the system’s taking action ay. First, the predictions are updated:
pj < pj + B(R — p;). Next, the errors: €¢; < €¢; + B(]R — p;|). Third, for each
Cj, an accuracy k; is computed: k; = 0.1(e;/€9) ™", for €; > €, else 1.0. Then,
from the r;, each classifier’s relative accuracy v is computed: £} = ﬁj/zj Kj.
Finally the fitnesses F; are updated according to: Fj < Fj + B(k; — Fj).
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Discovery On some time-steps, XCS executes a genetic algorithm within [A].
Two classifiers are chosen probabilistically based on their fitnesses and copied.
The copies are crossed (two-point crossover) with probability x, and then mu-
tated with probability u per allele. The resulting offspring are inserted into [P];
if the population size is already at its maximum value, N, two classifiers are
deleted. The probability of deletion of a classifier is determined by Kovacs’s [5]
method and is designed to preferentially remove low-fitness classifiers that have
participated in a threshold number of action sets—that is, have had sufficient
time for their parameters to be accurately estimated.

Whether or not to execute the GA on a given time-step is determined as
follows. The system keeps a count of the number of time-steps since the beginning
of a run. Every time a GA occurs, all classifiers in that [A] are “time-stamped”
with the current count. Whenever an [A] is formed, the time-stamp values of its
members are averaged and the average is subtracted from the current count; if
the difference exceeds a threshold g4, a GA takes place.

A macroclassifier technique is used to speed processing and provide a more
perspicuous view of population contents. Whenever a new classifier is generated
by the GA (or covering), [P] is scanned to see if there already exists a classifier
with the same condition and action. If so, the numerosity parameter of the
existing classifier is incremented by one, and the new classifier is discarded.
If not, the new classifier is inserted into [P]. The resulting population consists
entirely of structurally unique classifiers, each with numerosity > 1. If a classifier
is chosen for deletion, its numerosity is decremented by 1, unless the result
would be 0, in which case the classifier is removed from [P]. All operations in a
population of macroclassifiers are carried out as though the population consisted
of conventional classifiers; that is, the numerosity is taken into account. In a
macroclassifier population, the sum of numerosities equals N, the traditional
population size. [P]’s actual size in macroclassifiers, M, is of interest as a measure
of the population’s space complexity.

4 Experiments

In each of the following experiments, random real vectors, with components
0.0 < x; < 1.0, were formed and presented to XCSR. Each such presentation
was termed a problem. The action-selection regime consisted of explore problems
which occurred with probability 0.5, and test problems the rest of the time.
On an explore problem, XCSR, chose its action uniform randomly from among
those in [M], and update and discovery operations were carried out as previously
described. Test problems were designed to determine how well the system could
do if it chose its action deterministically. The measure of system performance
was a moving average of the fraction of correct actions (correct values of RFp)
on the previous 50 test problems. Also measured was a similar moving average
of |[R — Py| (with Py the prediction for the chosen action), termed system error.
On test problems, the update and discovery components were disabled.
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In the experiments, R = 1000 for the correct action, 0 otherwise. XCSR
parameters were as follows: N = 800, 8 = 0.2, ¢g = 10, n = 5, 0ga = 12,
x = 0.8, p = 0.04, m = 0.1, s9 = 1.0. Other values of N, 0g4, x, p, m and
so were tried in Experiment 1; from this limited evaluation, the values given
appeared to be best and were used in both experiments.

4.1 Experiment 1

The aim of this experiment was to imitate, as closely as possible, the Boolean
6-multiplexer task, except that the input would be real. In the Boolean task as
traditionally conducted, both outcome cases (1 and 0) are equally probable, as
are all input bitstrings. An equivalent regime can be obtained in the real case
by setting all thresholds 6; at 0.5, since the underlying real vectors are uniform
randomly generated. These were the thresholds in Experiment 1. Figure 1 shows

Fraction correct —— |

> System error/1000 —

0.6

) iy A AT e

0 5000 10000 15000 20000
Explore problems

Fig. 1. Fraction correct (solid line) and system error/1000 (dashed) vs. number of
explore problems in Experiment 1.

performance and system error averaged over five runs each consisting of 20,000
explore problems. Performance reaches its maximum—approximately 98%—at
about 15,000 problems. System error reaches a minimum at a similar point.
Compared with typical results on the Boolean 6-multiplexer, arrival at high
performance is substantially slower. Recent experiments with XCS on Fg get to
100% performance in about 1,500 problems, so there is a factor of difference of
about ten.

Two sources for the difference come to mind. One is simply the fact that on
RFg, XCSR’s classifiers have 12 alleles in their conditions vs. six for XCS on Fy;
thus the search space has higher dimensionality. Experiments with XCS on the
11-multiplexer (Wilson 1998)—which requires 11 alleles in the condition—took
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about 10,000 problems to reach 100% performance. A second possible source
of difference is that whereas each Boolean dimension has just two allele values,
each dimension in the real case has in principle indefinitely many values.

Of course the effective resolution of a real dimension depends on the quality
of performance desired. High performance can only be reached if the system
accurately estimates the thresholds, and this will take longer compared with the
Boolean case, where the “thresholds”—in effect, choosing between 0 and 1 in
the condition—are in a sense maximally coarse. However, the proper analysis of
search time vs. resolution is not clear.

In the Boolean case, performance reaches a solid 100%, whereas here it does
not, with the level reached depending on the mutation rate and technique. Preli-
minary experiments included mutation based on +m instead of +rand(m). This
did not produce as good maximum performance, for any mutation rate. The ran-
dom function, by introducing arbitrarily small mutation increments, probably
contributes to a closer ultimate approach to 100%.

ACT PRED ERR FITN NUM

0. |oooooooo00] .. ... 00000|0000000000] .. ... 00000 |0000000000100000000..1 1 0. .000 14. 1
1. lo.o... 00000] ..... 00000 | 0000000000 | 0000000000 | 00000000001 00000. . . . . |1 0. .000 53. 2
2. ..., o0000]..... 00000|0000000000] ... .. 00000 | 0000000000/ 00000. .. .. |1 0. .000 40. 1
3. ... o0000]..... 00000| 0000000000 | 0000000000 | 0000000000 00000. . . .. |1 0. .000 50. 1
4. ..., 00000]..... 00000| 0000000000 | 0000000000 | 0000000000 | 00000. . . .. |1 0. .000 50. 1
5. |..... 00000]..... 00000 0000000000 | 0000000000 | 00000000001 00000. . . .. |1 0. .000 140. 3
6. |..... 00000 |000000. . . . /0000000000 | 0000000000|00000. . . .. /00000000001 1 34. .081 5. 2
7. |....000000]..... 00000|0000000000|0000000. . . |0000000000|00000. . . .. |1 0. .000 56. 2
8. |..... o0000]..... 0000010000000000] . . . .000000 | 0000000000 00000. . ... |1 0. .000 41. 1
9. |....o000000]..... 00000|0000000000] ... .. 00000 |0000000000100000. . ... |1 0. .000 58. 1
10. |..... o0000] ..... 00000|0000000000] .. ... 00000 |0000000000100000. . ... |1 0. .000 46. 1
1. |..... 00000] ..... 00000|0000000000] . . . .000000 | 00000000001/ 00000. . . .. |1 0. .000 85. 2
12, |..... o0000]..... 00000| 00000000001 ..... 00000 | 0000000000/ 00000. . ... |1 0. .000 43. 1
ACT PRED ERR FITN NUM

0. |1.572,.985|.924,.393|.322,0.99|.948,.417/.818,.812].331,.404] 1 0. .000 14. 1

1. 1.786,.26410.89,.364|.602,0.99/0.23,.884].796,.769/.228,.268] 1 0. .000 53. 2

2. |.794,.264/0.89,.364|.262,0.99|.868,.344|.665,.769].228,.268] 1 0. .000 40. 1

3. 1.794,.264].807,.262|.602,0.99/0.23,.884|.796,.769].228,.268] 1 0. .000 50. 1

4. |.794,0.28].807,.262|.684,0.9910.23,.884|.717,.769].228,.268] 1 0. .000 50. 1

5. 1.794,.264|.807,.262|.602,0.99/0.23,.884|.717,.769|.228,.268| 1 0. .000 140. 3

6. 1.743,.232|.172,.404|.813,.903|0.41,.841].092,.366].506,.658] 1 34. .081 5. 2

7. 1.775,.332|.807,.262|.476,.687|.275,.344|.716,.874].205,.233] 1 0. .000 56. 2

8. |.786,.264|.807,.262|.288,0.99|.818,.322|.717,.783|.181,.269] 1 0. .000 41. 1

9. 1.798,.35710.89,.364|.247,0.99].894, .344].665,.732].207,.233] 1 0. .000 58. 1
10. |.798,.264|0.89,.364|.247,0.99].894,.344].665,.732].207,.269] 1 0. .000 46. 1
11. |.798,.264|.807,.262|.288,0.99].818,.322].717,.783].207,.269] 1 0. .000 85. 2
12. |.798,.264|.807,.262|.288, 1.0|.818,.274].717,.783].207,.269] 1 0. .000 43. 1

Fig. 2. An action set [A] from Experiment 1. Upper half: condition predicates shown
graphically (see text). Lower half: actual ¢ and s values of predicates. Also shown:
ACTion, PREDiction, ERRor, FITNess, and NUMerosity of each classifier.

It is interesting to examine some classifiers evolved by XCSR. Figure 2 shows
an action set. In the first part of the figure, the classifiers are represented using a
crude graphic notation. The unit interval is divided into 10 equal parts. If a part
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[k [3aebl

contains “.” no value in that part is accepted by the predicate; if it contains “0”,
some values are; and if it contains “0” all values are accepted. Thus “.....00000”
is an interval predicate accepting inputs greater than some value between 0.5
and 0.6 and less than 1.0. The lower half of the figure shows the same classifiers
but with the predicates notated directly with their ¢ and s values. Also included
in the figure, following the classifiers, are their action, prediction, error, fitness,
and numerosity values. The error and fitness values are scaled. Error is shown
as €;/1000, fitness as 1000F}.

Notice how the system has “sculpted” the predicates and is in effect finding
the thresholds. Most predicates either show ranges between 0.0 and 0.5, 0.5
and 1.0, or are “don’t cares” i.e., “0000000000”. In Boolean terms, most of the
classifiers could be said to have the form 11#14#0 : 1 = 0 or 11###0: 1 =
0 (the bit before the arrow is the action, the integer after the arrow is the
prediction). The latter classifier is more general than the former, while still as
accurate, and it is likely eventually to drive the former out (see [11I12J4] for a
discussion of accurate generalization).

In the lower half of Figure 2, using the raw ¢ and s values, we can see that
the effective thresholds are not quite 0.5, which must account for a good part of
the system’s residual error. Also interesting is that the number of unique ¢ and s
values is relatively small, with the diversity among the classifiers caused mainly
by different combinations of those values, i.e., by crossover. While it might be
predicted that mutation of real values, especially using rand(m), would make
every predicate different in detail, this is not particularly the case.

4.2 Experiment 2

This experiment was like Experiment 1 except that the interpretation thresholds
were 0.25, 0.75, 0.25, 0.75, 0.25, and 0.75. In actual data inference problems, the
relevant data ranges or thresholds are not only unknown but are in general
different from each other. Experiment 2 was designed to model this situation, if
somewhat simplistically. The new thresholds do not affect the relative prevalence
of the two outcome cases: they are still equally probable, which is generally
unlike real-world data sets. In contrast to Experiment 1, however, some inputs
in Experiment 2 are much more likely than others. For example, an input whose
Boolean interpretation is 010101 has probability (1/4)%, while an input with
interpretation 101010 has probability (3/4)¢, a ratio of 3¢ = 729. Thus input
frequencies in Experiment 2 were highly variable.

Figure 3 shows the performance and error results. The maximum performance—
about 93%—is noticeably lower than in Experiment 1, although it is reached
sooner. System error is greater than in Experiment 1. At present, we do not
understand these differences, although the fact that many input interpretations
are much less likely than other interpretations may be responsible. In 20,000 pro-
blems, the system sees some interpretations many fewer times than others—in
fact, fewer times than any interpretation in Experiment 1.

Figure 4 shows an action set from late in one run of Experiment 2. The
Boolean interpretation of the classifiers is 11##+#1 : 1 = 1000. It is clear that
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Fig. 3. Fraction correct (solid line) and system error/1000 (dashed) vs. number of
explore problems in Experiment 2.
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ACT PRED ERR FITN NUM

....... 000/0000000000 | 000000000010000000000] .. .....000c| 1 1000. .000
....... 000/0000000000 | 000000000010000000000] .. .....00c| 1 1000. .000
....... 000/0000000000 | 0000000000|0000000000] .. .....000| 1 667. .278
....... 000/ 0000000000 | 0000000000 | 00000000001 ... ....000] 1 1000. .000
....... 000/0000000000 | 0000000000 | 00000000001 .......000] 1 1000. .000
....... 000/0000000000 | 000000000010000000000] .. .....00c| 1 1000. .000
....... 000/ 0000000000 | 0000000000|0000000000] .. .....000] 1 1000. .000
....... 000/ 0000000000 | 000000000010000000000] .. .....000] 1 738. .262
....... 000/ 0000000000 | 0000000000 | 00000000001 .......000] 1 654. .386
....... 000|0000000000 | 0000000000 | 00000000001 .......000] 1 1000. .000
....... 000/0000000000 | 000000000010000000000] .. .....000] 1 751. .353
........ 00/0000000000 | 0000000000 |0000000000] .. .....000| 1 1000. .000
....... 000/ 0000000000 | 0000000000 | 00000000001 ... ....000] 1 1000. .000
....... 000/0000000000 | 0000000000 | 00000000001 .. .....000] 1 1000. .000
....... 000/0000000000 | 0000000000 | 00000000001 . ......000] 1 1000. .000
....... 000/0000000000 | 0000000000|0000000000] .. .....000] 1 1000. .000
....... 000/ 0000000000 | 0000000000 100000000001 .. .....000] 1 1000. .000
....... 000 /0000000000 | 0000000000 | 00000000001 .. .....000] 1 1000. .000
....... 000/0000000000 | 0000000000 00000000001 .......000] 1 1000. .000
....... 000/0000000000 | 000000000010000000000] .. .....000] 1 1000. .000

11.
11.
19.
16.
16.

FPOWRRRRPRRERPEPRPRNRPRPRERENDRR

Fig. 4. An action set [A] from Experiment 2. Same notation as upper half of Figure 2.

in most of the classifiers XCSR has “detected” and represented the 0.25 and
0.75 thresholds quite accurately. One can also see that the four classifiers with
non-zero error have first predicates that are a little too large.

5 Discussion

Work on XCSR can be taken in several directions. It is easy to suspect that the
relative crudeness of the present mutation technique may account for the failure
to reach higher performance levels, especially in Experiment 2 where smaller in-
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terval predicates were needed. As performance closes in on its maximum, smaller
and smaller mutation increments are called for, yet in these experiments there
was no such adaptation. It is possible that adapting the increment along lines
used in the FEwolutionsstrategie [§] may be appropriate. Adaptation may also
increase the speed of learning, because larger mutation increments could presu-
mably be used at the beginning of a run.

The present test tasks—derived from a Boolean problem—while relatively
complex and non-linear, are in many respects not representative of actual data
inference problems. There, it is often the case that only a few out of many
input variables are relevant to the decision, and the challenge is to identify
them in the presence of noise and data contradiction. For this, the noise filte-
ring techniques of [6] may be helpful. In addition, the assumption in this paper
of equally probable outcomes is often violated by real data, where the preva-
lences are likely to be skewed. This can be investigated by adapting XCSR
(and XCS) to keep the “four-way” statistics characteristic of fields like epide-
miology (i.e., {true, false} x {positive, negative} instead of machine learning’s
correct/incorrect). Experiments along these lines are under way.

A large step, obviously required if XCSR and XCS are to participate in
practical data inference, is to test the systems in regimes where training is done
on one data set and testing occurs on another—both sets often being drawn from
a single larger set. Such training/testing regimes are standard in data inference.
It is vital for XCS-like systems to meet the challenge of training sets that sample
the environment incompletely.

6 Conclusion

This paper has demonstrated that XCSR—and thus classifier systems—can learn
to classify real-vector inputs and form accurate maximal generalizations over
them. The results are another step toward full realization of the promise of
Holland’s classifier system idea.
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Abstract. It has been known for some time that Learning Classifier
Systems (LCS) [15] have potential for application as Data Mining tools.
Parodi and Bonelli [25] applied the Boole LCS [36] to the Lymphography
data set and reported 82% classification rates. More recent work, such
as GA-Miner [I0] has sought to extend the application of the GA-based
classification system to larger commercial data sets, introducing more
complex attribute encoding techniques, static niching, and hybrid gene-
tic operators in order to address the problems presented by large search
spaces. Despite these results, the traditional LCS formulation has shown
itself to be unreliable in the formation of accurate optimal generalisa-
tions, which are vital for the reduction of results to a human readable
form. XCS [39/40] has been shown to be capable of generating a complete
and optimally accurate mapping of a test environment [18] and therefore
presents a new opportunity for the application of Learning Classifier Sy-
stems to the classification task in Data Mining. As part of a continuing
research effort this paper presents some first results in the application of
XCS to a particular Data Mining task. It demonstrates that XCS is able
to produce a classification performance and rule set which exceeds the
performance of most current Machine Learning techniques when applied
to the Monk’s problems [34].

1 Introduction

With the increase in the computerization of business, and in particular retail
business, large amounts of business data is gathered and stored. Until recently
the benefit of attempting to extract useful information from this data only mar-
ginally outweighed the cost of maintaining this great a volume of data because
the then current data analysis techniques were ill-suited to coping with large
and noisy data and were not able to extract information of sufficient quality
and quantity. With the reduction in the cost of storing data, there is now pres-
sure to effectively utilise the data for the benefit of the data producers. For
example, improvements in the performance of data analysis techniques would be
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beneficial for a large retail chain with computerized stock control and sales sy-
stems by enabling it to analyze its large databases to predict customer behavior.
Furthermore, the recent popularity of loyalty cards generates customer specific
transaction data, which increases the potential for forming more accurate models
of customer behavior.

Current techniques for discovering patterns in data, termed Data Mining,
have various limitations when considered against criteria for an effective data
mining method. These criteria include the ability to cope with large and noisy
data, being able to produce simple, meaningful and useful results that can be
understood by a human user, and the use of a practical amount of computatio-
nal resources. Evolutionary computation techniques, including those based on
genetic algorithms (GA), are able to explore a large search space to find an op-
timal solution effectively due to their implicitly parallel nature. They are also
[largely] undirected and therefore require minimum input of domain knowledge.
These robust techniques have therefore been considered in order to counter the
limitations of current data mining techniques and have already been successfully
applied in a commercial environment [10].

Whilst holding much promise, there are also known difficulties with the appli-
cation of GA based techniques to the task of Data Mining. Traditional Learning
Classifier Systems [15] which can be used for this purpose have a limited ability
to generalize rules. A traditional LCS provides generalization pressure by the
use of specificity measures that are factored into the action selection process
[12/28]. This method does not produce optimal generalization, tending to over
generalize in the early stages of learning, only to over specialize as the GA con-
tinues to operate [28137]. Wilson’s XCS [39]40] introduced niching techniques
and an accuracy-based fitness which enables XCS to produce accurate optimally
general co-operative rule sets. This ability to generalize lays the foundations of
a concept builder of the kind required for data mining.

In investigating the performance of a Data Mining algorithm a comparison
with the performance of existing techniques is useful. The Monk’s Problem is one
of only a few classification problems that has been used to generate a substantial
comparative study [34]. As a first investigation of the abilities of XCS as a Data
Mining tool the use of the Monk’s Problem is appropriate, providing strong
evidence of the qualities of XCS classification in comparison to other machine
learning techniques. This paper details these investigations and seeks to identify
areas of strength and weakness in XCS for further ongoing research into the
application of XCS to the Data Mining of large commercial data sets.

2 Background

This potential for extraction of useful trends and indicators from consumer data
can be realized providing that the problems of increased database size can be
overcome by improved data analysis and reduction techniques which are consti-
tuents of the larger process commonly known as Knowledge Discovery in Da-
tabases (KDD) [9]. This term is used to describe all of the tasks required to
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extract useful information from raw databases and to distinguish the task of au-
tomatically discovering patterns in pre-processed data, Data Mining, from data
extraction, data cleansing, data reduction, and interpretation and application
of results from data mining. Within the context of Data Mining, classification
is the process of using a set of pre-classified instances to assign a new instance
to one of n classes. A finite vector of attribute values defines an instance. The
training set is a set of instances that have been assigned to one of the n classes.

Current data mining techniques [31] have been developed from methods ori-
ginating in the fields of statistical modeling, neural networks and machine lear-
ning. Statistical techniques [2224] exist for classification (e.g. CART [7] and
CHAID [17]), regression (linear, quadratic and logistic) and clustering tasks but
are based on assumptions about the size and probability distributions of data,
which limits their effectiveness on real data, and can only be applied with the
intervention of a statistician. Advanced machine learning techniques have been
applied to data mining tasks with varying degrees of success. Decision tree (ID3,
C4.5) and production rule (AQ15, CN2) learners produce fairly accurate but
complex representations of patterns in the data although these representations
may be simplified by using heuristic search. Generalization occurs when grou-
ping attribute values and when decision trees are pruned. These techniques often
require considerable computation and can be applied to limited data types the-
refore much effort needs to be put into data reduction prior to application. For
further information on these and similar techniques, [23] provides an accessible
and detailed review chapter. Artificial neural networks have been used widely
with considerable success for Data Mining tasks [20J30] and are implemented in
many commercial data mining software packages. They are able to learn com-
plex models of data and provide good generalization but the interpretation and
application of the neural network models are difficult tasks for the human user.

In order to counter the problems with the current data mining techniques
there have been projects which sought to apply evolutionary computing techni-
ques to various areas within KDD. Evolutionary techniques have primarily con-
centrated upon the KDD task of Feature Selection (e.g. [26]), and advances have
been made in the modification of GA techniques to develop and maintain both
single (GABL, GABIL, [33]) and multiple (COGIN, [T3]14]) target concepts. Re-
cent work within Feature Selection has moved onto the application of Genetic
Programming with pruning techniques introduced to produce human readable
results (eg. [27]). Applying evolutionary computing to Data Mining is a more
complex task, directly tackling the learning problem rather than meta-learning.
Early work by Parodi and Bonelli [25] with the Animat LCS [36] illustrated the
potential of LCS for Data Mining within a simple data mining problem, and
two significant research projects have sought to extend these results to com-
mercial data sets (see REGAL [I1] and GA-Miner [I0]). Significantly, both of
these projects introduce high level attribute and attribute vector encoding with
directed mutation and crossover operators in order to cope with the large se-
arch space presented by commercial data sets. Problems with these approaches
remain, however. In particular, with GA-Miner for example, the establishment
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and maintenance of multiple co-operative rules in the presence of the GA has
been tackled using static techniques that can require domain knowledge, and
the methods applied to obtain generalization are primitive. These problems are
common to all traditional Michigan style LCS implementations.

The XCS Classifier System [39/40] represents a major step forward for the
Michigan style LCS. Deriving from Wilson’s Animat [36] and ZCS [38], the XCS
simplifies the Holland style classifier system in an attempt to produce a LCS
whose operation and dynamics can be readily understood and predicted. It bor-
rows strength update mechanisms from Reinforcement Learning using a modified
Widrow-Hoff update mechanism [35] to provide a multi-parameter strength re-
gime that more accurately reflects the different roles of strength within action
selection and the GA. XCS also re-introduces GA mechanisms recommended by
Booker [5] which provide a niching facility to allow co-operative sets of rules to
co-exist within a population whilst encouraging competing rules to converge on
optimum rule attributes within a niche. By using accuracy as the GA selection
criteria, XCS is the first LCS to be able to claim to reliably generate the most
general accurate classifiers — the so-called Generalization Hypothesis [40].

Further work by Kovacs [19] has demonstrated that the provision of further
operators can sufficiently focus the population once exploration is complete to
reliably produce a minimum rule set consisting of the most general accurate
classifiers, and has led to the Optimality Hypothesis which suggests that using
these operators the rule set generated will be the optimal rule set for a given
static problem.

It would appear, therefore, that the application of a possibly modified form
of XCS to Data Mining has the potential to address the significant problems
which remain unsolved within previous Michigan style LCS based data miners.
As part of a continuing project to develop an effective Data Mining tool using
Evolutionary Computing techniques, an investigation into the potential of XCS
is underway. Learning from previous efforts, it is expected that XCS will need
to be modified to accommodate more complex attribute and attribute vector
encoding and that hybrid genetic operators will be applied. Before venturing
further in these investigations, however, it is important to identify a baseline
performance of XCS in order to ascertain its appropriateness for the task of Data
Mining. It was decided that XCS should be applied to a small data set in order
to demonstrate the effectiveness of its generalization and niching mechanisms
within the domain of Data Mining.

3 Experimental Investigation

3.1 Test Environment

For an initial investigation of the suitability of XCS to the task of Data Mining
the use of a ‘standard’ test data set was considered important. Unfortunately
within the field of Data Mining no such test sets exist, with the best attempt at
a standard test set being the data sets used with the Statlog project [2I] which
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due to their complexity and quantity are inappropriate for use at this stage.
Within the Machine Learning community a number of data sets have a sufficient
usage to make them a ‘de facto’ standard. The Monk’s test set, held on the UCI
Repository [3] was selected as an appropriate test set because of its small size
with high internal complexity, and the extensive set of published comparative
results available with the test data.

The Monk’s problems are binary classification problems of differing com-
plexity based on a pre-classified artificial robot data set created to empirically
compare learning classifiers [34]. There are three problems each of which invol-
ves learning target concepts described by conjunctions of logical relations on
attributes with their values. Training and test data sets are created by parti-
tioning the data set containing all possible instances and pre-classifying each
instance according to the problem. 5% noise is added to the training data for
the third Monk’s problem. Objective assessment of the performance of XCS is
feasible because the data has been pre-classified according to explicit and well-
defined target concepts which enables a direct comparison to be made with the
performance of other Data Mining techniques on these problems.

The three test sets provided with the Monk’s problem are individually sig-
nificant to the evaluation of XCS for Data Mining. The first test set is solved
using a simple boolean expression which, whilst not directly representable in a
single XCS classifier condition, can be optimally represented (including the cor-
responding negative cases) using the standard XCS ternary conditions by small
set of 12 cooperating classifiers. Four of the six attributes must be removed
from consideration using generalization, thereby providing a test of the genera-
lization capabilities of XCS. The second experiment requires a complex set of
disjunctions of conjunctions to be fully represented, and presents a considerable
challenge to most Machine Learning techniques. This experiment will test the
ability of XCS to maintain a population of many cooperative classifiers in order
to represent the classification accurately. In real data it is difficult to clean the
data completely, and the use of accuracy as the basis of XCS learning could
be compromised by noisy data. Thus, the Monk’s 3 data set will illustrate the
ability of XCS to cope with typical amounts of noise found in data after data
cleansing without hindering the learning operation.

3.2 The Learning System

A XCS implementation conforming to the XCS used within [40J18] was obtained
[2]. In all experiments the parameterization of the XCS was set as follows: p; =
10.0, e = 0.01, F; = 0.01, 8 = 0.2, § = 25, ¢g = 0.01, « = 0.1, x = 0.8,
pw=0.04, ¢ = 0.5, Px = 0.33 (see Appendix B of [I8] for a parameter glossary).
These parameter settings were taken from the settings used by [39], and were
considered appropriate due to the similarity of the Monk’s search problem to the
Boolean Multiplexor problems investigated by Wilson. During our investigations
alternative parameter settings were investigated and not adopted. The message
length, condition length, and maximum population size were set according to
the needs of each experiment.
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The Monk’s problems are derived from a data set of 432 instances, each
consisting of six categorical integer valued attributes (see [34]). Initially the
input encoding was devised as a binary string with each attribute represented
by a minimal corresponding binary form concatenated to produce the input bit
vector. For example, attribute 1 is a three valued attribute (values 1, 2, and 3),
represented in this encoding by two bits with value 1 coded as 00, value 2 coded
as 01, and value 3 coded as 10. This gives a string length of ten to represent all six
attributes. The minimum string length required to represent the entire attribute
space of 432 is 9 (2° = 512). Thus, this representation produces a small degree of
redundancy. The encoding assumes that the attribute values are ordered in some
way, even arbitrarily. This assumption is satisfied in the Monk’s data because
the categorical attribute values are represented as successive integers starting at
one. The output message is a single binary bit representing the predicted class
for instances matching the classifier condition.

A training and test environment was constructed to present the data in-
stances sampled at random from one of the standard Monk’s training sets (see
App. [A]) on each iteration of the XCS. Upon receiving the chosen output mes-
sage from the XCS, the environment returns a maximum reward if the output
message is the same as the class of the instance used to provide the input mes-
sage and a minimum reward is returned otherwise. To test the learnt classifier
population, the test set is presented to the XCS after a predetermined number
of exploration (learning) trials, set as appropriate for each experiment, and the
performance of XCS captured during this phase with classifier induction and
strength modification disabled. The results presented are an average of 10 runs
of XCS on the training set and with constant parameterization. The results of
this test phase are presented only if the performance of the XCS on the test
data set was different from that achieved within the training set at the end of
the learning phase. Coverage Tables, used in the Monk’s problems study to com-
pare the completeness of concept learning, were also captured at the end of the
learning phase (see App. D).

The graphs show three measures of XCS performance: system prediction,
system error and macro-classifier population size. System prediction indicates
the proportion of exploit iterations, out of the previous 50 exploitation iterations,
in which XCS correctly classifies a data instance. The system error is a moving
average of the error in the prediction of the chosen Action Set [A] (the set of
classifiers chosen to perform the action in an iteration), again calculated over
the previous 50 exploitation iterations. The population size is the proportion of
the number of macro-classifiers in the population to the total number of micro-
classifiers that the population may hold. For an XCS that successfully learns an
optimal set of classifiers the prediction rises steeply to 1.0 and stays at that level.
Occasional fluctuations just below this maximum may occur when the GA deletes
a classifier during search for the optimal population (termed [O]; [18]). Macro-
classifier population size will typically increase to a peak at around three-quarters
of the total population size as the XCS explores as many classifiers as possible.
The pressure to obtain optimally general classifiers drives the population down
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as the ’good’ classifiers increase in numerosity and the 'poor’ ones are deleted.
Eventually the population will stabilize when the XCS has found the optimal
set. A sign of a weak performance within XCS (when it doesn’t explore a high
enough proportion of the population and hence is unable to converge on the
optimal solution) is when the population size oscillates around a relatively high
proportion (> 0.3) without further reduction. Note that the proportion of macro-
classifiers in the stable population depends on the population limit set as a
parameter and that this limit is set using knowledge of the domain.

3.3 The Monk’s 1 Problem Test

The Monk’s 1 problem test is a relatively simple test designed to demonstrate
that a new classification algorithm is capable of simple concept learning. As such,
the application of this test set to XCS should confirm or deny the basic hypothesis
that XCS is an appropriate basis for the development of a Data Mining tool.
From results reported for the testing of other Machine Learning algorithms on
this test set [34] it would be expected that XCS should be able to demonstrate
accurate classification (demonstrated by accurate prediction) within a relatively
short learning period. In addition, it is desirable that XCS be able to identify
the optimal classifier set for this problem. The optimal set of twelve classifiers
for the Monk’s 1 problem using binary encoding is:

#OO##H#####H— 1
#H####HH#I#1 1
#1####0#1#—0
#1####1#0#—0
#1#####0#1—0
#1#####1#0—-0

######0000—1
#H####HI#IH—1
##1###0#1#—0
##1###1#0#—0
##1####0#1—0
##E1####1H#0—0

Note that XCS retains accurately wrong classifiers therefore each of these
classifiers will have an associated classifier with the same condition, the opposite
action, and a prediction equal to the minimum reward value.

The condition size and message size for the binary encoding used with this
test were set at 10. The population size limit was chosen from a consideration
of the predicted size of [O]. If we want to find all the optimal classifiers each
with an average numerosity of fifteen then the minimum population size should
be 24 x 15 = 360 microclassifiers. Thus, for this experiment a population size of
400 was deemed adequate.

Results. The performance measures averaged over 10 runs of XCS on the first
Monk’s training set indicate that XCS had learned the target concepts after only
10,000 exploitations. The performance curve in Fig. [l indicates that XCS has
successfully established a population that correctly classifies the data set. An
analysis of the populations resulting from the individual runs revealed that all
of the populations had discovered [O] with the members of [O] obtaining high
numerosity, accurate prediction and fitness. In three of the final populations one
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of the optimally general classifiers did not have a relatively high numerosity or
experience but was still perfectly accurate and had a high fitness, demonstrating
that this final member of [O] had been established relatively late within the run
in these cases. On average each final population held 80 macroclassifiers, 24 of
which made up [O]. All of the remaining classifiers had low numerosity (< 5)
and small experience, indicating that they were the product of continued but
unnecessary GA search. These results confirm the hypothesis that XCS is able
to induce and establish the accurate and optimally general rule set from a simple
data set of pre-classified data. The performance of XCS was comparable with the
performance of neural networks and production rule classifiers (CN2 and those
based on AQ-15), and exceeded that of all the ID3 based decision tree classifiers
reported in [34].
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Fig. 1. XCS performance during training using the Monk’s 1 Test data set, averaged
over 10 runs with parameterization as described in Sect. B2 The performance on the
test set remained at the same level for the final 5,000 iterations.

3.4 The Monk’s 2 Problem Test

The Monk’s 2 data set represents a much more complex relationship than that
seen in Monk’s 1. In the comparison of performance [34] only the neural net-
work based classifiers and AQ17DCI obtained 100% classification performance,
with most decision tree classifiers obtaining 65-70% correct classification. The
complexity of the task is indicated by the fact that in order to represent the
concepts optimally within the ternary condition encoding of XCS a set of 104
binary-encoded classifiers is required for positive classification and 100 classifiers
for negative classification. It must be noted, however, that the target concept in



XCS and the Monk’s Problems 231

Monk’s 2 Problem cannot be simply described when using disjunctions of con-
junctions of attribute-value pairs and therefore this problem is artificially hard
for XCS using the standard condition representation.

The XCS message encoding used within this test was initially kept the same
as that used for the Monk’s 1 test. Knowing the size of the solution space, ho-
wever, the population size was increased to 1600 classifiers. This is potentially
small for the predicted number of target classifiers but investigations into lar-
ger population size did not show improvements sufficient to justify the extra
computational resources required.

Results. It can be seen from the XCS performance in Fig. [2 that it strugg-
les to find the optimal set of classifiers. The system prediction converges slowly
towards 1.0 but still averages only about 0.98 at 50,000 exploitations. The pro-
portion of macro-classifiers in the population peaks at only 0.6 and then falls
to = 0.35 over the whole 50,000 exploitations, indicating that the XCS has not
explored enough of the solution space to find all the optimally general classifiers.
System error stabilizes at about 0.05 which is significantly larger than the ac-
curacy cutoff of 0.01 supporting the suggestion that insufficient search has been
performed. Inspection of the final populations and the corresponding coverage
tables revealed that XCS had only learnt a small proportion of the optimal rule
set in each of the runs if only the high numerosity classifiers are considered. A
larger proportion of the optimal rule set was present if ‘weak’ classifiers were
considered.
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Fig. 2. XCS performance in the Monk’s 2 Test data set using a Binary Encoding,
averaged over 10 runs, population size 1600.
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From these results it was hypothesized that XCS was unable to find suitable
classifiers due to the deceptive nature of the encoding used. To test this hypo-
thesis a second encoding type was introduced - an enumeration encoding. The
enumeration encoding maps an attribute with n possible values to a binary string
of length n. The attribute value is mapped to an integer ranking, ¢, by setting
the i*" lowest bit to 1 and all the others to 0. This gives a string length of 17
for the Monk’s Problems and a condition search space of 3'7. In fact, using this
encoding in XCS allows the same attribute vector to be encoded in more than
one way. For example, the attribute-value pair (A1, 3) can be represented using
the ternary strings, 100, 1#0, 10#, 1##, and #00 because the attribute-value pair
(A1, 3) can only ever be encoded in a binary string as 100 in an input message.
Also, it is more convenient to express inequalities such as Al # 1, which in an
enumeration encoding has a single representation ##0 whereas in a binary-valued
encoding two strings are required: 1# and 01. This reduces the number of classi-
fiers required from 204 for the binary encoding to 42 — 15 and 27 classifiers for
positive and negative classification respectively. It was expected that the greater
flexibility of the enumeration encoding in representing attribute-value relations
will enable XCS to optimally classify for the Monk’s 2 Problem and to find the
optimal rule set.

The encoding was adjusted within the test and trial environment and the
experiment was repeated with the new encoding. The population size was main-
tained at 1600 micro-classifiers in order to allow a direct comparison with the
results from the binary encoding.

The averaged results of the 10 runs are depicted in Fig. 3. With the enu-
meration encoding the system prediction reaches its maximum of 1.0 at around
25,000 exploitations with the system error correspondingly dropping to around
0.0, as expected. This demonstrates that XCS was able to identify a correct clas-
sification for the test data set. An examination of the final populations revealed
that [O] was not completely formed, with approximately 30 of the 42 members of
[O] present and the remainder partially covered by two or more classifiers with
conditions that remained too specific. This was resulted in a less than 100%
classification rate on the test data set.

These results confirmed the hypothesis that the representation of attribute
values in a classifier is a significant factor in XCS performance [6]. Clearly the
performance using the enumeration encoding is as least as good as the Machine
Learning algorithms reported in the Monk’s problem study. The results reported
for the application of Back-Prop neural networks, although marginally better,
could not generate generalized concepts that were open to examination, which
is a key requirement of an effective Data Mining technique.

3.5 Monk’s 3 Problem Test

The target concept of the Monk’s 3 Problem is of similar complexity to Monk’s
1 but it incorporates noise by including 6 misclassified examples (= 5%) in the
training set. This test data set could pose significant problems for XCS, as the
ability to maintain accurate classifiers will be dependent upon the value of the
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Fig. 3. XCS performance in the Monk’s 2 Test data set using the Enumeration Enco-
ding (averaged over 10 runs, population size = 1600), demonstrating the ability of XCS
to perform optimally given a suitable classifier encoding. System Prediction dropped
to &~ 0.92 on the test data set.

parameters of the accuracy function. Data that contains too much noise could
be preventing XCS from forming accurate generalizations and thereby hinder
the search process of the GA within XCS. Alternatively, where a lower level of
noise is present XCS may over-specify (‘over-fit’ to the training data), hindering
performance on the test set. It is hypothesized that the limited extent of noise
added to the Monk’s 3 data set will not hinder the ability of XCS to establish
the best [O] available from the training set, although XCS may over-fit to the
training set.

This experiment was run using 10 runs in each case of both the Binary
encoding and the Enumeration encoding, with the condition and message size
set appropriately for each encoding. The population size was set to 400 because
of the lower level of complexity of this problem, requiring 22 classifiers to map
the [noiseless| problem completely with optimal generality when using the Binary
encoding.

Results. No difference in performance was found as a result of differences in
the encoding form used. The graph in Fig. @ shows the results of running XCS
using the Binary encoding on the Monk’s 3 training and test data sets. Training
XCS gives a classification performance of ~ 0.95 and a relatively large system
error. This is a consequence of the noise in the training set, with a maximum
achievable performance of 0.95 on average. When XCS is switched to run on the
test data set the classification performance improves and the system error drops.
An examination of the populations at the end of each run revealed that XCS
had successfully established a set of high numerosity optimally general classifiers
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Fig. 4. XCS performance in the Monk’s 3 Test data set (averaged over 10 runs, popu-
lation size was 400). The last 2000 exploration iterations were conducted without the
induction algorithms using the Test data set. The optimal expected performance was
95% due to the noisy training set.

close to [O] (which will never be achieved because of the presence of noise). We
hypothesize that the improvement in performance during the test phase is due
to the presence of other classifiers in the population as a result of continued GA
exploration which cover the over generality due to noise of the high numerosity
classifiers.

The results achieved by XCS are comparable with those obtained by Neural
Network classifiers in the Monk’s problem study, and marginally better than the
Decision Tree classifiers. They were not as good as the AQ15 based Production
Rule classifiers which typically achieved 100% performance in the test set due to
the larger (normally redundant) coverage of the classification space which they
maintain. These results are encouraging, although staged experiments introdu-
cing graduated amounts of noise are required to fully evaluate the ability of XCS
to cope with noisy data.

4 Discussion

The performance of XCS within the Monk’s problems is very encouraging. Com-
parisons with existing Machine Learning techniques have already been made in
Sect. B, which demonstrate that the performance of XCS is at least as good
as, and in many cases better than classifiers based on other Machine Learning
techniques. Furthermore, the ability of XCS to determine the compact rule re-
presentation provided by the optimally general classifier set in these tests, and
potentially present these classifiers in a human readable form, is a clear advan-
tage.
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In the Monk’s 2 Problem the XCS did not form a completely generalized
mapping of the target concepts. In these populations a number of classifiers exi-
sted which were marginally over specific, indicating that more GA recombination
was required in order to obtain full generalization. Kovacs [19] has shown that an
additional deletion operator, based on a mechanism termed condensation [40],
reduces a population to the optimal set in single-step problems. It is likely that
a deletion operator of this type could be employed on all classification tasks
to enable XCS to reliably produce a minimal set of optimal rules even when
learning is halted prior to establishing [O].

In data mining applications the target concepts are rarely known, although
sometimes estimated by a domain expert, so we have resisted the temptation
to introduce any encoding that is tailored to the problem. At least one of the
production rule algorithms compared in the Monk’s problem study [I] produces
100% accuracy on both the Monk’s 2 test sets. This is wholly due to the fact
that the algorithm had been set to learn concepts of based on the number of
attributes, with the same specific value which enables the target concepts to be
represented by only two production rules:

1. if (equals (number of attributes with value x, 2)) then 1
2. if (not-Equals (number of attributes with value x, 2)) then O

Without specific knowledge of the target concepts the classifier system can-
not be setup to use rules such as these so more general representations are
needed. For these artificial problems the target concepts are known and there-
fore an encoding that is concept-specific would theoretically perform better on
this problem than the more general ternary encoding used.

Theoretically, the enumeration encoding should be used for all of the Monk’s
problems because all of the attributes are categorically valued and the binary
encoding becomes unwieldy when relations between attributes and logical ne-
gations need to be represented. Practically, because the enumeration encoding
is longer than the binary for the Monk’s problem and there are many more re-
dundant classifiers than when learning relatively simple target concepts such as
in the Monk’s 1 problem, the compactness of the binary encoding makes it just
as, or more, effective than the enumeration encoding. These encodings are suita-
ble only for discretely-valued attributes so future work will include investigation
into encodings for continuously valued attributes and alternatives encodings for
discrete attributes. It is recognized that GA-Miner and other LCS based Data
Mining tools which have been developed have employed high level attribute
representations and more complex classifier condition formulations which are
advantageous in many circumstances.

The difficulty in learning the concepts for the Monk’s 2 training set using the
Binary encoding require further investigation. Although intuitively XCS would
be expected to increase its level of exploration when correctly classifying rules
cannot be found, the degree of exploration used by XCS was actually reduced.
This would suggest that the GA in XCS was unable to recombine classifiers in a
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way that produced significant improvements in their accuracy, so preventing a
clear search direction emerging which would be exploited by the GA. This may
indicate a potential problem within XCS, or it may be the case that the binary
encoding simply presented a deceptive landscape.

An important criterion for an effective data mining technique is the ability to
cope with noisy data. The large number of samples taken from only 124 training
examples presented the danger of over-fitting to the training data and succum-
bing to bias within the training data. The tension between obtaining accurate
classification and achieving maximally general classifiers in the operation of XCS
appeared to prevent this. As yet, it is difficult to ascertain the proportion of noise
(and/or bias) in the data which XCS is able to absorb before performance deg-
rades significantly.

5 Future Work

The Monk’s problems are based on a data set with six attributes each having
no more than four values making a total of 432 possible attribute vectors. A
typical commercial data set that has been prepared for analysis will have tens
or hundreds of ordinal and nominal, continuous and discrete attributes and will
have a dimensionality at least two or three orders higher than the Monk’s data
sets. The results presented in this paper have demonstrated that XCS classifies
the Monk’s data sets more accurately than many current classifier systems, and
at least as well as those systems based on artificial neural networks,. In order to
establish the effectiveness of XCS and GA-based classifier systems as Data Mi-
ning techniques, then the performance of XCS on the large and noisy commercial
data must be investigated.

XCS employs the ternary alphabet which is used in the canonical LCS and
which grew out of the binary encodings traditionally used in GAs []. The re-
sults in this paper demonstrated that even when restricted to this alphabet,
changing the encoding causes an observable change in the performance of XCS
and is itself affected by the nature of the concepts to be learnt. An effective
classifier encoding must be able to compactly and accurately represent patterns
in data, of which there is typically little prior information, whilst keeping dis-
ruptions of the generalization mechanisms of XCS to the minimum. There has
been much work [8/T6l29/32] on representing discrete and continuous values in a
GA but these representations are not always adequate for a classifier. For exam-
ple, standard binary string representations of many-valued discrete attributes
will produce prohibitively long and inefficient bit strings if there are several of
these attributes that are sparsely valued. Coping with the uncertainty of noisy
data will require fuzzy or windowed representations [6]. Mixing representations
in a single classifier has implications for the crossover operators used by XCS
and thus the correct operation of XCS niching and generalization. Thus, any
new or modified representations will necessitate creating original operators and
investigating their effect on XCS performance.
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Establishing a set of effective encodings will enable XCS to be tested over
a wider range of test data sets and allow a more detailed comparison of its
performance against other classifier systems.

The performance of XCS on the data sets used to compare Machine Learning,
statistical and Artificial Neural Network techniques in the Statlog project [21]
would provide a good measure of XCS’s relative effectiveness as a classifying
system. Several of the data sets used within the Statlog project were taken from
real commercial sources and are characteristically large and noisy and would
therefore be appropriate performance reference points. For effective comparison
between Data Mining investigations within the LCS community it is vital that
these common data sets are adopted.

XCS has the ability to identify the attributes that have a significant effect
on the classification performance by completely generalizing the contribution of
the less important attributes. There will be a practical limit on the number of
attributes that XCS can handle which will be exceeded by many commercial
data sets so it is important to apply suitable feature selection techniques. One
such technique, taken from statistical modelling, is to increment or decrement
the number of attributes depending on both the classification performance of
the preceding model generated by the data miner and the relative value of each
particular attribute in this model. Statistics on the distribution of attribute
values for each class are used to measure of the importance of an attribute. XCS
provides an excellent platform for integrating these mechanisms dynamically so
those attributes can be added and subtracted in a single run of XCS.

6 Conclusions

In the application of the Monk’s problems to XCS is has been shown that XCS
was able to perform at least as well as traditional Machine Learning techniques
in both simple and complex classification tasks, and in the presence or absence
of small proportions of noise within the data. In some cases XCS was seen to
perform better than Machine Learning techniques which are commonly found
in commercial data mining applications. XCS was also able to produce and
maintain an easily identifiable accurately general set of classifiers representing
the concepts within the data sets. If combined with software to convert the
ternary classifier representation into a standard production rule format, XCS
will generate a model that can be readily understood and re-applied by potential
clients of a data mining application.

Whilst encouraging, the Monk’s problems are limited in their correlation to
data sets used within a commercial Data Mining environment. Work is underway
on expanding the application of XCS to graded real world data sets that will
allow the XCS mechanism to be scaled to cope with large or sparse data sets.
In particular, the encoding problems seen within the Monk’s 2 problem indicate
a need to find appropriate attribute representation, and appropriate condition
representations. Large data will also require more input from hybrid genetic and
non-genetic operators that will take into account knowledge about the distribu-
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tion of attributes within the data set. It is also possible that methods akin to
those used to establish linkage within genotypes may bear fruit, and this avenue
will be investigated.

If GA-based Data Mining is to compete with the statistical modelling, arti-
ficial neural networks and decision-tree learners that are well-established Data
Mining techniques then it must at least be able to offer the ability for supervi-
sed classification of large and noisy data over many different domains. Of the
previous work in GA-based techniques for Data Mining outlined earlier only
REGAL and GA-Miner have been used successfully to mine commercial data
by using hybrid techniques to solve some of the practical problems of mining
commercial data but these use domain knowledge and primitive generalisation
operators. XCS has the potential to extend the capabilities of GA-based data
mining systems over and above other Data Mining techniques because it has the
ability to produce the optimally general descriptions of patterns in any data.
This, together with the robust nature of GAs, will mean that a GA-based data
mining system with XCS capabilities will have an accuracy comparable with that
of Neural Networks, and will provide an explicit human-readable description of
the patterns in the data equivalent to those produced by decision—tree learners.
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A The Monk’s Problems

The concepts represented by each of the Monk’s problems are as follows:

1. A1=10R A5 =1

2. Exactly two of {A1=1,42=1,A3=1,A4=1,45 =1, A6 = 1}

3. (A5 =3 AND A4 =1) OR (45 # 4 AND A2 # 3) with 5% noise in training
set

B Coverage Tables

The coverage tables presented in this appendix are mappings of the entire Monk’s
attribute space with each point marked as being correctly classified as 1 or 0 or
incorrectly classified (X) and are closely based on those presented in [34]. The
first three attributes are mapped to the rows of the table and the last three to
the columns, thus making every point on the table correspond to only one point
in the six-dimensional attribute space.

B.1 Monk’s 1 Problem

These coverage tables are produced after test iterations of XCS and indicate the
population’s ability to classify the every point in the attribute space.

The coverage table for perfect classification of the Monk’ s 1 problem is shown
in Fig. Bl This was produced in all but 5 of the 30 runs in the Monk’s 1 experi-
ment. Of the five other runs the coverage tables showed that the worst run had 21
misclassifications with the other four having no more than 8 misclassifications.

11111111411411411111411111
111111111111111111111111
110000001100000011000000
110000001100000011000000
110000001100000011000000
110000001100000011000000
110000001100000011000000
110000001100000011000000
1111111114111141111111111
111111111111111111111111
110000001100000011000000
110000001100000011000000
110000001100000011000000
110000001100000011000000
110000001100000011000000
110000001100000011000000
111111111111141111111111
111111111111111111111111

Fig. 5. The coverage table for 100% classification accuracy of the Monk’s 1 problem
as produced from 25 out of 30 runs

B.2 Monk’s 2 Problem

The typical coverage table for the Monk’s 2 problem (Fig. B) indicates that
although XCS has learnt the training data perfectly the system classifies with
~ 92% accuracy over the whole set.



242 S. Saxon and A. Barry

00000000000X0X0X000X0X0X
000X0X0X00X1010100X10101
000000000001010100010101
0X0X0X0X0110101001101010
000000000001010100010101
0X0X0101X110101001101010
000000000001010100010101
0X0101010110X0X00110X0X0
000101010110101001101010
011010101X0000001X000000
000101010110101001101010
011010101X0000001X000000
000000000001010100010101
0X0101010110X0X00110X0X0
000101010110101001101010
011010101X0000001X000000
000101010110101001101010
011010101X0000001X000000

Fig. 6. A typical coverage table for the Monk’s 2 problem produced by XCS using the
enumeration encoding

B.3 Monk’s 3 Problem

The coverage table produced on the majority of runs of XCS on the third Monk’s
problem (Fig.[d) demonstrates 100% classification accuracy. On other runs the
coverage table showed that XCS had misclassified 6 out of 432 (1.4%) examples.

111111001111110011111100
111111001111110011111100
111111001111110011111100
111111001111110011111100
000011000000000000000000
000011000000000000000000
111111001111110011111100
111111001111110011111100
111111001111110011111100
111111001111110011111100
000011000000000000000000
000011000000000000000000
111111001111110011111100
111111001111110011111100
111111001111110011111100
111111001111110011111100
000011000000000000000000
000011000000000000000000

Fig. 7. A perfect coverage table produced by XCS for the third Monk’s problem
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Abstract. A stimulus-response learning classifier system (LCS), EpiCS, was
developed from the BOOLE and NEWBOOLE models to address the needs of
knowledge discovery in databases used in clinical research. Two specific needs
were investigated: the derivation of accurate estimates of disease risk, and the
ability to deal with rare clinical outcomes. EpiCS was shown to have excellent
classification accuracy, compared to logistic regression, when using risk
estimates as the primary means for classification. This was especialy true in
data with low disease prevalence. EpiCS was designed to accommodate
differential negative reinforcement when false positive or false negative
decisions were made by the system. This feature was investigated to determine
its effect on learning rate and classification accuracy. Tested across a range of
disease prevalences, the learning rate improved when erroneous decisions were
differentially negatively reinforced. However, classification accuracy was not
affected by differential negative reinforcement.

1 Introduction

The idea of searching through databases for “hidden” knowledge, or concepts that are
not pre-conceived by the searcher, has been gaining considerable attention over the
last several years. This enterprise has been referred to as “knowledge discovery in
databases,” or simpljknowledge discovery, the “non-trivial process of identifying
valid, novel, potentially useful, and ultimately understandable patterns in data” [5].
Knowledge discovery is aided by a number of tools, applied in the procelssaof
mining; thus, onemines data todiscover knowledge. While most of the effort in
knowledge discovery research has focused on financial and other business-related
databases, medical databases of all types pose a unique problem, in that the
characteristics of the data they contain are complex in form and content. Databases
used in clinical research illustrate this complexity, especially those created for
epidemiologic surveillance, or “[...]Jthe systematic collection of data pertaining to the
occurrence of specific diseases, the analysis and interpretation of these data, and the
dissemination of consolidated and processed information[...]" [20].

Surveillance data are often incomplete or missing, contradictory, or conflicting,
due to the nature of the data themselves; they may even be downright erroneous due
to poorly implemented systems and hastily collected data. Furthermore, these data

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS ‘99, LNAI 1813, pp.243-261, 2000.
© Springer-Verlag Berlin Heidelberg 2000
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often represent rare outcomes or they contain obscure relationships that are difficult to
characterize, especialy using traditional statistical methods. Thus, epidemiologic
surveillance databases provide an important platform for investigating the use of
knowledge discovery toolsin clinical research, in that they represent a significant part
of the universe of medical databases, while presenting significant challenges for those
who perform knowledge discovery research.

This paper examines the application of a learning classifier system (LCS) to two
specific concernsin clinical research: discovery of knowledge required to ascertain an
individual’'s risk of developing a disease outcome, and the ability of a LCS to learn
classification rules in data where the classes are distributed unevenly. While there
have been some prior investigations into the application of LCS to knowledge
discovery in medical data, most notably [2], this work has not addressed these
concerns. It is hoped that this paper will benefit LCS researchers by informing them
of two specific facets of clinical data and the challenges they pose for those who seek
to apply the LCS to clinical research knowledge discovery.

2 Background: Two Facets of Clinical Research and Their
Implicationsfor Knowledge Discovery

2.1 Assessment of Disease Risk

An essential goal of clinical research is the elicitation of cause and effect
relationships, orcausation.  Traditionally, epidemiologists [22] and classical
philosophers [14] have avoided the notion of absolute causation, that an event or other
factor can be shown to cause another, because of the possibility of coincidence
(Hume’s problem), incorrect sampling, or some other flaw inherent in observation.
Sample-based statistical methods of inference allow the epidemiologist to avoid
gracefully the problem of defending causation. Rather than assert that aXfactor
(such as a toxin exposure) wikhuse diseaseY, epidemiologists are more comfortable

in saying that individuals with exposure to fackoare at increaserdsk of developing
diseaseY. Risk is the probability of occurrence of some event; thus, risk is often
expressed in terms of chance: “Individual A has a 30% higher chance of contracting a
pneumococcal infection than Individual B.” A risk factor is some condition, event,
disease, or other characteristic which is statistically associated with an increase in risk
for a given disease. Frequently, the outcome of interest in an epidemiologic
investigation is binary in value, such as diseased/non-diseased, or dead/alive. In
addition, it is important to adjust for a number of factors that may affect the risk
associated with a given factor; this adjustment is performed by multivariate modeling.
Because clinical outcomes are often expressed dichotomously (disease/no disease,
dead/alive), such modeling is performed using logistic regression.

Logistic Modedling. When performing multivariate statistical analysis where a binary
outcome variable is used, the preferred method is logistic regression, in which the risk
of developing an outcome is expressed as a function of a set of predictor (or
independent) variables. The dependent variable in the logistic model is the natural
logarithm of the odds of disease:
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OPx O (1)

|nﬁgza+b1X1+...+ann

where P, is the probability of disease for a specified covariate X, is the log odds of
developing the outcome (or logit), accounting for all exposure variables in the model
(rather than a single exposure variable), « is the intercept, and b, is the coefficient for
the independent variable X. Rewriting this equation produces a method for
representing the estimated probability of devel oping the outcome of interest:

1
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e @B By
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where P, is the estimated probability of developing an outcome, given the presence of
risk factors X Xy The formula in Equation (2) is used to derive clinical prediction

rules.

Clinical Prediction Rules. Clinical prediction rules are used to classify patients in
terms of their risk of developing a specific outcome. While the ultimate goa of
applying a prediction rule is to determine a categorical diagnostic classification into

which a patient will fall (such as “Disease” or “No Disease”), the categories are

actually created from a continuous measure of risk derived in Equation (2).

For example, assume the following logistic model was derived from data collected

during a food-borne infection outbreak:

log odds of disease = (-0.03 +(1.672* ChickenSalad)+(0.013* Rolls)+(0.045* | ceCream))

where the intercept is —0.03 and the value of each variable is multiplied by its

coefficient.

In this example, each of the independent variables is coded

dichotomously (0=No, 1=Yes) to indicate exposure (whether or not the item was
eaten). Thus, for an individual who ate chicken salad, rolls, and ice cream:

Variable Coefficient Value of Coefficient*Value
variable
Intercept -0.03 - -0.03
Chicken Salad 1.672 1 (1=yes) 1.672
Rolls 0.013 1 0.013
Ice Cream 0.045 1 0.045
Total 1.700

This individual would be at increased risk of disease, as the probability of disease
is 1/14€™™, or 0.85, which corresponds to an odds of disease of 0.85/(1-0.85), or

5.67.

In this case, the real culprit is chicken salad, as can be seen from the size of its

coefficient, relative to the coefficients for Rolls and Ice Cream.
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2.2 TheChallenges of Rarely Occurring Disease Outcomes

As noted above, much of the data gathering activity of clinical research occurs as a

result of epidemiologic surveillance, which seeks to study the “[...Joccurrence and
distribution of diseases and other health-related conditions in populations|...]”
(Kelsey, Thompson, and Evans 1986). Disease “occurrence” is measured in terms of
incidence andprevalence. Incidence reflects the rate of change from a healthy state to

a diseased state over time, indicating the occurrence of new cases of disease within a
population per unit time. Incidence is usually expressed as a rate, such as 20.4 cases
per 100,000 persons per year. Prevalence is a quantitative measure of the existence of
disease in a population at a given point in time and is expressed as a proportion, such
as 50.2 cases per 100,000 per persons, or a 0.05.

During the early course of epidemiologic surveillance, it is extremely rare to find
individuals afflicted with a given disease outcome at the same rate as one finds those
without the disease. For example, even in the course of investigating an infection
outbreak in a small group of people exposed to an organism known to cause disease in
the majority of those exposed to it (such Ssmonella), an investigator would
ordinarily find relatively few incident cases early on, due to the time required to
incubate the organism. However, it is especially during this early period of
surveillance that a robust classification rule would be needed, so that appropriate
interventions may be planned and implemented. In order to address the requirement
of accurate classification of individuals early in a clinical investigation, when disease
or other outcomes are rare, the LCS researcher must attend to the characteristics of
clinical data, especially those influenced by the prevalence of disease.

These two concerns, ascertainment of disease risk and the problem of rare disease
or other clinical outcomes, are addressed in the design of EpiCS, a LCS intended for
use in knowledge discovery in clinical research databases

3 EPpIiCS: A Learning Classifier System for Clinical Resear ch

The author developed a stimulus-response LCS, BOOLE++ [11] and later, EpiCS
[12], which was based on Wilson’s early work on the Animat [26], BOOLE [27] and
NEWBOOLE [1]. The reader is referred to these works for descriptions of BOOLE
and NEWBOOLE. EpiCS is an object-oriented system in design and implementation,
and is currently deployed on an Intel platform. Like other learning classifier systems,
EpiCS’s representation scheme expresses a ruleclassdier, or a condition-action

pair, consisting of a taxon and an action bit, respectively, and contained in a classifier
population of constant size.

3.1 Novel Design Featuresof EpiCS

EpiCS departs from NEWBOOLE and its predecessor, BOOLE, in several ways:
algorithms for controlling under- and over-generalization, a method for determining
risk as a measure of classification, and a method for differentially reinforcing
erroneous decisions made by the system as a means of addressing the problem of rare
disease outcomes.
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Controlling Over-Generalization. Clinical data are generally “noisy,” in that they

are often full of contradictions between exposure factors and outcomes. For example,
not everyone exposed to a particular factor will develop a given disease. Early
investigations with EpiCS showed that the system tended to over-generalize the
population when trained with noisy data, such that the classifications made by the
system were useless. In these situations, the classifiers would be sufficiently strong to
survive training, but would still contain a surfeit of non-specific bits (*s). Robertson
and Riolo [21] suggested that overgeneralization can be controlled in classifier
systems, via taxation or classifier deletion based on time since last use. In EpiCS, a
“governor” is implemented, which evaluates each classifier in the population at each
iteration, and re-initializes overly general classifiers with randomly-assigned bits.
The effect of this procedure is to delete overly general classifiers and replace them
with less general classifiers. After experimentation with a range of values from 0.50
to 1.00, the governor was ultimately parameterized at 0.85; thus, a classifier with *s
comprising more than 85% of its length would be re-initialized.

Controlling Under-Generalization. In using EpiCS on clinical data, it was found
that a significant proportion (10%) of testing cases could not be classified, correctly
or incorrectly. Examination of the classifier population at the end of training revealed
that it had a preponderance of highly specific classifiers. As a result, the classifier
population at the end of training was ill-equipped to classify testing cases, and this
resulted in poor classification performance. Experimenting with the penalty fpctor (
over a range of values (0.25, 0.50, and 0.75) led to the observation that the yalue of
originally used in NEWBOOLE (0.95) was apparently too high, resulting in the
premature demise of general (but useful) classifiers. It was found that decpetsing
0.50 in EpiCS resulted in much-improved performance and decreased numbers of
unclassifiable cases on testing.

Determination of Outcome Risk. EpiCS is unique among LCS in that it calculates

an estimate of outcome risk for a novel, previously unseen observation, given a
specific combination of features in that observation's taxon. This differs from the
usual approach of assigning a single nominal-level classification to a novel case. In
EpiCS, a different paradigm is used to determine the type of decision made by the
system; this is based upon the proportions of positives and negativegnattheset

(the subset of classifiers in a population matching the taxon of an input case).

For example, a case in the training set would be labeled as a positive if, in the
match set, there existed a preponderance of classifiers predicting positive for disease.
This would be the situation even if the strongest classifier in the match set were
negative. Thus, rather than produce an output decision based upon strength, the
system produces a prediction based uporptbeealent outcome present in the match
set. The output of the system would now hek of disease, rather than a
dichotomous decision (that being the presence or absence of disease). The advantage
of this approach is that it provides a decision which is continuous in nature and which
can be “cut” at various points along its range. Thegeoints can be used as
“decision thresholds” at which a case could be determined to be in one class or
another.

To implement this risk-based classification paradigm, each case in the testing set is
presented to the trained classifier system and evaluated for the probabilities of
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presence and absence of disease; these are determined from the proportion of
classifiers matching a given input case taxon. For example, suppose an input case
(reduced for purposes of illustration to a five-bit taxon, 01100) were presented to the
system. In this example, the action bit determines the disease status (0=No disease,
1=Disease). Further suppose that four candidate classifiers (those with taxa matching
that of the input taxon) were extant in the match set, each with a probability based on
proportionate representation in the match set:

Proportionin
Classifiers match set
*10*0:1 0.60
0*100:0 0.05
01*00:1 0.22
0***0:1 0.13

Assuming that the action bit represented the presence of disease with a 1 and the
absence with a 0, the classifier system-derived probability of disease (CSPD) for the
given input case would be 0.95:

CSPD = S (probabllhltl.esof classfle.rs.assoc!ated wnh disease) _095_ 0.95
> (probabilitiesof all classifierswith matchingtaxa) 1.0
This procedure is repeated for each case in the testing set, such that each testing case
will have been assigned arisk of outcome by EpiCS.

Differential Reinforcement. Before using a LCS in clinical settings, one would

want to evaluate its validity. Validity reflects the overall ability of a diagnostic tool,

such as a clinical test, measurement, or clinical prediction rule, to classify correctly

the pre-clinical status of an individual [10]. In evaluating the validity of a tool, the
availability of some type of standard is presumed; in clinical research, this standard is

often referred to as the gold standard, implying that there is no more accurate
indicator of a patient’s diagnostic status. An individual classified as positive by the
test and having the disease, as verified by the gold standard, would be dalled a
positive. Likewise, an individual with a negative test who did not have the disease
would be atrue negative. A false positive is one who was free of the disease in
question, but had a positive test result, whilalae negative is one who had the
disease but tested negatively. Figure 1 shows the types of correct and erroneous
classifications.

True classification of a case
(“Gold Standard”)

Tool’'s decision Positive Negative
Positive True positive False positive
Negative False negative True negative

Fig. 1. A confusion matrix comparing the output of a diagnostic tool with gold-standard
knowledge.

Because of the differential nature of erroneous clinical, one would want the
capability of manipulating the ratio of false positives to false negatives. The cost of
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making a false negative decision is considerably higher than a false positive,
especially in a disease such as cancer. While the cost of a false positive in many
cancers is limited to the cost of therapy (which may include death or other adverse
reaction to therapy), the cost of a false negative in these diseases is nearly always
death. The false negative rate is sensitive to decreasing prevalence, while the false
positive rate is sensitive to increasing prevalence. This is merely a function of the
relatively small number of positives compared to the larger number of negatives, but
it has important consequences for reinforcement learning in medical domains. |f one
accepts that false negative decisions are potentially more dangerous than false
positives, one would want to bias decision errors in favor of false positives, with the
aim of reducing false negative errors disproportionately to false positive errors.

1.0

0.8+

0.6

0.4+

0.2+ — False negative rate

== False positive rate

0.0+ . —
0 01 02 03 04 05 06 07 08 09 1
Prevalence

Fig. 2. The effect of a single erroneous decision on false negative and false positive rates. For
purposes of illustration, this plot assumes a sample size of 100.

The effect of a single erroneous decision on the false negative and positive rates
across a range of prevalences in a data set of 100 observations is shown in Figure 2.
At very low prevalence, such as 5%, a single false negative will result in a false
negative rate of 20% (one false negative out of five gold standard positives). A single
false positive would result in afalse positive rate of 1/95, or 1.05%.

The ratio of false positives to false negatives has been used as an element in a
reward function in a classifier system. Previous work [23] put the optimal ratio of
8.1, but did not examine the effect of adjusting the ratio on data at different
prevalences. In a LCS using payoff/penalty reinforcement, the penalty could be
adjusted to bias the negative reinforcement an inaccurate classifier receives, and this
strategy is employed in EpiCS.

4 Methods

4.1 Evaluation Metrics

This paper summarizes the results of investigations using EpiCS to address the two
facets of clinical research described above. These investigations used a common suite
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of evaluation metrics, themselves borrowed from the domain of clinical research and
commonly used to evaluate the classification performance of diagnostic tests, of
which EpiCS could be considered one. These metrics include sensitivity, specificity,
and area under the receiver-operating characteristic curve.

Sensitivity and Specificity. Sensitivity indicates a test’s ability to classify correctly
gold standard-positive cases; as a result, sensitivity is often referred to as the true
positive rate:

True positive decisions

Sensitivity = —
All gold standard positives

Sensitivity is influenced by the distribution of the classes in data, with a tendency
toward increased false negatives in data where the prevalence of positive examplesis
low. In these data, sensitivity will correspondingly be lower than at higher positive
base rates, simply because the proportion is based on a smaller denominator. For
example, if there are 10 gold-standard-positives, and five true positive decisions, the
sensitivity is 0.50. However, if there are 100 gold-standard positives and the same
number (five) of true positives, the sensitivity is 0.95.

Specificity, or true negative rate, measures the ability of a test to classify correctly
those without disease:

True negative decisions
All gold standard negatives

Foecificity =

Specificity is also influenced by the distribution of classes in data.
The relationship between the true positive and false positive rates can be
demonstrated graphically orreceiver-operating characteristic curve.

The Receiver Operating Characteristic (ROC) Curve. The ROC curve is created

by plotting the true positive rate (sensitivity) on the vertical axis against the false
positive rate (1-specificity) on the horizontal axis. Figure 3 shows the ROC curve for
a single true positive/false positive pair. The significance of the straight line through
the origin will be discussed below.

The ROC curve is used to determine the overall usefulness of a diagnostic test. In
order to determine whether a test is useful, it must be evaluated for its discrimination
accuracy, or its ability to classify normal and abnormal patients. The measure used
for this purpose is the area under the ROC curve.

While the graphical representation of the ROC curve is of interest in determining
appropriate diagnostic cutoffs for a given test, dhea under the ROC curve () is
important for demonstrating the ability of the test to classify both true positives and
true negatives, simultaneously, asikgle measure. The area under the ROC curve
has been used extensively in medical decision making as a standard method for
evaluating diagnostic test performance [7, 24]. In addition, it has been proposed for
use in knowledge discovery and data mining domains [19, 13].
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1
0.9 +
0.8 1
0.7 +
0.6 +
0.5 +
0.4 +
0.3 +
0.2 +
0.1 +

0

Sensitivity
(True Positive Rate)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1-Specificity
(False Positive Rate)

Fig. 3. Receiver-Operating Characteristic Curve for a single true positive/false positive pair.

The area under the ROC curve represents the probability of a true response in a
two-alternative forced-choice (Yes-No) task; thus, the quantity (1-areq) is the false
adarm rate [8]. The ROC curve for atest which classifies well will have a "shoulder”
closer to the upper left-hand corner of the plot, and farther from the 45-degree
diagona (shown in Figure 3). This test would have a high sensitivity and a high
specificity and, as a result, a higher 8. A test which contains no information would
plot on the 45-degree diagonal through the origin. The area under such a “curve”
would be 0.50, indicating that the test would discriminate only as well as a coin-flip.
A nonparametric method based on the Wilcoxson statistic (W) and its standard error
(SE,) is regularly used in approximating and its standard error, $E9]. The
plausibility of calculatingd as derived from a single true positive/false positive pair
has been shown [17].

All @ reported in this paper have been corrected for cases which could not be
classified on testing, using the following formula:

Corrected 6 = L ©)
1+IR
where

IR= Number of unclassifiablecases
Total number of casesto beclassified

4)

Software tools exist for constructing ROC curves, calculating areas, and comparing
them by various means [3, 18]. In addition, the reader is referred to [9] and [16] for a
thorough description of the algorithm for approximating the area under the ROC
curve and its standard error.

4.2 Testbed Data

The testbed data were artificially created to represent surveillance of liver cancer in a
chemical manufacturing plant. While EpiCS has been applied to a number of “real”
datasets, and these investigations are reported elsewhere [11, 12], the design of one of
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the investigations reported here required substantial manipulation of the datato ensure
comparability across a series of disease prevalences. No existing “real” dataset could
provide this versatility.

Simulation datasets consisting of 15 demographic, medical history, and exposure
variables, one outcome variable, and 500 observations were created using the random
data generator routines supplied with the Epilnfo [4] epidemiologic analysis software
package. The datasets represented epidemiologic surveillance for hepatocellular
(liver) carcinoma in a group of individuals working in a chemical factory who may
have been exposed to one or more suspected hepatocarcinogens. All variables were
coded dichotomously, with Os or 1s used to indicate the absence or presence,
respectively, of a variable. The dataset was created in such a way as to bias one
variable (exposure to Vinyl Chloride (ViCl), a known hepatocarcinogen) toward
association with the disease outcome. All other variables were randomly assigned a
value of 0 or 1 using a random normal deviate procedure. The datasets represented a
range of outcome prevalence rates: 50%, 25%, 15%, 10%, and 5%.

Training and testing sets were created by randomly selecting records from each of
the five datasets at a sampling fraction of 0.50 without replacement; thus, training and
testing sets were equal in size and mutually exclusive. Care was taken to ensure that
all training and testing sets contained equivalent prevalence of positive (diseased)
cases. For example, 250 records, 125 with hepatocellular carcinoma and 125 without,
were selected at random from the 50% prevalence dataset; these records comprised
the training set. The remaining 250 records in the dataset comprised the testing set.
In the datasets at 25% and 15% prevalence, the number of positive cases in the
training sets approximated that in the testing sets within a count of one. The results of
applying this sampling scheme is shown in Table 1.

Table 1. Distribution of positive and negative cases over the range of prevalences used in this
investigation.

Main Dataset Training Set Testing Set
Prevalence Positives Negatiles Positives Negatives Posditives Nedatives
0.50 250 250 125 125 125 125
0.25 125 375 63 187 62 188
0.15 75 425 37 213 38 212
0.10 50 450 25 225 25 225
0.05 25 475 12 238 12 238

4.3 Experimental Procedure

General. A total of 20 trials, each consisting of a training period and a testing epoch,
were performed. During the training epoch, cases selected in random order from the
training set were presented to the system over a total of 30,000 iterations; a single
case presentation comprised one iteration. The system was evaluated by calculating
the area under the receiver operating characteristic ctyeg every 100th iteration

to monitor learning performance. This was accomplished by testing the system with
every case in the training set. At the conclusion of training, the system was tested
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with each case in the testing set, and its classification performance determined by
calculating 6.

Parameterization. EpiCS was parameterized as described below in Table 2.
Population size (P) is the number of classifiers in the system’s population, and was
held at a steady state. Reward is the base value available to be shared among accurat
classifiers in the correct set [C]. The generality factor (G) is used to bias R in favor of
more general classifiers in P. The strengths of classifiers in [notC] are multiplied by
the penalty coefficientp} to reduce their strengths. A “baselimeivas set to .50p

was adjusted to reflect various false positive to false negative ratios, as described in
Section 3. The correct set tag) (vas applied to all classifiers advocating a correct
decision. The remaining parametersX, andy) refer to the genetic algorithm used

in the discovery component of EpiCS.

The testbed data required 15 positions on a taxon. It is generally accepted that
longer strings will require larger populations to prevent population overcrowding with
overly specific strings and to improve system performance. Although a method has
been proposed for calculating the optimal population size for genetic algorithms [6],
the best heuristic for determining population size for classifier systems is that “more
is better” [21]. Given this heuristic, and given that NEWBOOLE was parameterized
at a population size of 1,000 for the 11-multiplexer problem, the performance of
EpiCS using several population sizes between 400 and 2,000 was investigated. It was
found that population sizes over 1,000 caused serious degradation in system
performance, proportional to increasing population sizes. In addition, little
improvement in learning rate was noted with increasing population size. Population
sizes less than 800 resulted in overly general populations of classifiers, likely owing
to the generalization pressure described in [21]. Increasing the population size from
800 to 1,000 improved the learning rate and significantly decreased
overgeneralization. As a result, the population size for the investigation of
epidemiologic surveillance data was fixed at 1,000.

Table 2. Parameters applied to EpiCS.

Parameter Value
Population size (P) 1000
Reward (R) 300
Generality factor (G) 4.0
Penalty coefficientr) 0.50
Correct set taxd) 0.10
Genetic algorithm calls per iteration ( 4
Crossover rate (X) 0.50
Mutation rate {)) 0.001

4.4 Investigation-Specific Methods

Risk Prediction. In order to compare the CSPD with an accepted method of
determining the probability of disease, tlogistic regression-derived probability of
disease (LRPD), or risk estimate, was calculated for each of the testing cases for
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using a clinical decision rule derived from the training cases in the appropriate
dataset. It was shown above (Equation 2) that probability of disease can be estimated
from a decision rule derived from alogistic model. To derive the decision rule, non-
stepwise logistic regression was run on the training set, using diagnosis of
hepatocellular carcinoma as the dependent variable and the 15 history and exposure
variables as independent terms. The prediction rule was then applied to each case in
the testing set in order to obtain the LRPD for each testing case.

CSPDs were averaged over the 20 trials at each of the four prevalences, and
compared with the prevalence-specific LRPD. The risk assessment investigation did
not use the testbed data at 5% prevalence, as logistic regression failed to converge at
thislevel.

Effects of Differential Reinforcement. This study investigated the effect of
manipulating the penalty factor, p, to adjust the proportion of false negative decisions
to a level deemed acceptable in datasets representing a range of prevalences.
Specifically, p was biased to penalize false negative decisions more heavily than false
positive decisions in the hope of rapidly decreasing the false negative rate over the
course of training with the goa of obtaining improved learning rates and
classification performance during testing with novel data. The rationae for this
approach is found in the dynamics of the reinforcement component of the LCS. For
example, if p were biased such that the strength of classifiers advocating a false
negative decision were reduced by 75% and the strength of those advocating a false
positive decision were reduced by 50%, one should expect that, over time, the entire
body of inaccurate classifiers will contain twice as many false positive as false
negative classifiers. Thus, if an error were to be made by the system, it is twice as
likely to be a false positive than a false negative. Over time, the mixture of false
positive and false negative classifiers in the set of inaccurate classifiers should
approximate the biasing scheme of p.

Payoff/penalty parameterization was performed using a range of biasing schemes,
presented in Table 3:

Table 3. Valuesof p over the range of FP:FN biases.

FP:FN ratio | pif decisionisa pif decisionisa
false positive false negative
11 0.50 0.50
2.1 0.50 0.75
4:1 0.50 0.875
10:1 0.50 0.95

The biasing scheme was designed using a base penaty (p) of 0.50. This is the
penalty assigned to all false positives, and is used for calculating the penalty assigned
to false negatives. Thus, the penalty assigned to false negatives is calculated relative
to the 50% reduction assigned to all false positives. For example, at a FP:FN ratio of
1:1 ( which is unbiased), the penalties are equivalent for both false positive and false
negative decisions; the strengths of both types of inaccurate classifiers were reduced
by 50%, such that after penalty, 50% of the strength of each such classifier would
remain. However, at a biased ratio of 2:1, false negatives were penalized at twice the
rate employed in the 1:1 scheme, such that 25% (1-p, or 1-0.75) of the strength prior
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to penalty remained in a false negative, compared to 50% in a false positive. The
relative target reduction in strength, or the new strength after penalty, of a false
negative classifier is proportionally twice that of afalse positive. For example, afalse
positive and a false negative classifier, both with strengths of 100, would be reduced
to 50 and 25, respectively, under a 2:1 ratio. The target reduction would be 50 and
12.5, respectively, for a4:1 ratio, and so on.

Learning Metrics. Specialized metrics were used to evauate the learning
performance of EpiCS as it encountered clinical data at different prevalences. At
each 100th iteration during the training epoch, the 8 was plotted over time; this plot
provides a visual display of the learning performance of the system, represented as a
learning curve. At the end of training, the learning curve data were evaluated for the
first appearance of a shoulder, defined as the number of iterations to reach the point
where the curve first reaches 95% of the maximum & value. The shoulder of each
curve obtained for each FP:FN ratio, was calculated and used with the @ at that
shoulder to compute alearning rate (A):

@ of curveat itsshoulder )

Learningrate=A = 1000
Shoulder

Learning rates obtained for the curves of biased FP:FN ratios were compared with
those from the unbiased, or baseline, curves, to produce a difference score, D, which
reflects the percent improvement in learning rate a specific biasing scheme provides
over baseline:

Abaseline - Abiased .
Abaseline

Difference score =D = 100 (6)

D was calculated across mean As for each FP:FN ratio and prevalence; a threshold
of 15% was set arbitrarily, such that D had to exceed 15% to be considered
significant.

5 Reaults

5.1 Risk Prediction

Figure 4 summarizes the & obtained by applying the logistic regression-derived
decision rule to the testing sets, and the mean &8 for the 20 trials at each of the four
prevalences studied. For both methods, 6 decreased concomitantly with decreasing
prevalence; thisis due to larger number of false positive classifications made by either

method as prevalence decreases. More striking, however, is EpiCS’s performance,
compared with logistic regression. Across all prevalences, EpiCS consistently proved
to be a better classifier of unseen, novel cases than the logistic regression-derived
decision rule. At the 15% and 10% prevalences, EpiCS provided a clinically
acceptabled on average, although the variability observed at these prevalences
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demonstrated that a single learning-testing trial would be insufficient to classify novel
casesreliably.

1.00
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Fig. 4. Areas under the receiver operating characteristic curves for logistic regression
and EpiCS across all four prevalences. The latter were averaged over 20 trials. The
error bars represent one standard deviation.

5.2 Effectsof Differential Negative Reinforcement on Learning and
Classification Performance in Data with Unequal Class Distributions

Table 4 shows the effect during the training epoch of parameterizing the
reinforcement component of EpiCS with various FP:FN ratios. At 50% prevalence,
there was no significant difference (no D>15%) between the shoulders of the
unbiased and biased curves, indicating that the biasing of FP:FN ratios had no effect
on learning rate at this prevalence. At 25% prevalence, considerable separation is
found between the shoulder at a FP:FN ratio of 1:1 and shoulders at the biased ratios.,
with Ds ranging between 46.2% and 61.5%. Thus, changing the FP.:FN ratios
affected the learning rate, with the earliest shoulder occurring at aratio of 4:1; at this
ratio, the learning curve represented a 61.5% improvement in the A over basdline.
The trend in shoulder differences between the biased ratios and the 1:1 ratio that was
observed in the 25% prevalence data was even more pronounced at the lower
preval ences.

Table 4. Biased curve difference score data obtained during the training epochs at various
FP:FN ratios. Difference scores are referenced to the shoulders obtained at FP:FN ratio of 1:1
at the respective prevaence level.

Prevalence
FP:FN 50% 25% 15% 10% 5%
2:1 9.1 46.2 57.1 61.5 444
4.1 0.0 61.5 47.6 69.2 11.1
10:1 6.1 50.0 52.3 100.0 88.8
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Figure 5 shows the effect of adjusting the FP:FN ratio on the classification ability of
EpiCS based on & obtained at testing with novel cases; error bars denote one standard
deviation. At 50% prevalence, the classification performance of EpiCS was best at a
1:1 ratio, although it was nearly as good at 10:1; classification performance was not
statistically different across all FP:FN ratios. At 25% prevalence, classification
performance was hot as good as at 50%. Asin the 50% prevalence data, classification
performance was essentially identical across all FP:FN ratios. At 15% prevalence, no
appreciable difference was noted across the three lowest FP:FN ratios. All outcome
measures were similar, although a dlight yet statistically insignificant trend in
increasing 6, and sensitivity was noted with increasing FP:FN ratio. In addition, the
outcome measures generally exhibited decreasing variability as the FP:FN ratio
increased. For example, the mean 6, at a ratio of 1:1 was 0.84, with a standard
deviation of 0.09; at aratio of 10:1, the mean 8, was 0.87, with a standard deviation of
0.04. However, these differences were not statistically significant. In the 10%
prevalence data, biasing the FP:FN ratio was found to have no significant effect on
the outcome measures. In addition, the decreasing trend in variability of these
measures with increasing FP:FN ratios, noted at 25% and 15% prevalence, was not
found at 10% prevalence. At 5% prevalence, no biasing effect was found; in addition,
the variance was higher than that found at the higher prevalences. However, as seen
in at 15% prevalence, increasing the FP:FN bias tended to decrease variance. Overal,
classification performance on testing was impaired with decreasing prevalence, and
differential penalty biasing had no apparent effect on performance at testing.

1
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09 } '1[5[[
0.8 +
6 074 OFP:FN=1:1
OFP:FN=2:1
0.6 + OFP:FN=4:1
0.5 ‘ ‘ ‘ ‘ EFP:FN=10:1
50% 25% 15% 10% 5%
Prevalence

Fig. 5. Areas under the ROC curve obtained on testing at each prevalence for each FP:FN ratio.

6 Discussion

6.1 Risk Assessment

This investigation compared the classification performance of EpiCS with that of a
traditional statistical method for classification, logistic regression. First, EpiCS was
found to perform better than logistic regression in deriving an estimate of risk of
disease for noisy, epidemiologic data. Excellent classification ability was noted for
EpiCS over dl training-testing trials. Second, this investigation demonstrated the
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successful implementation of risk-based output from a learning classifier system,
rather than a single, categorical classification. Third, logistic regression, like all
inferential statistical methods, relies on sufficient numbers of cases to be valid. In
addition, these dtatistical methods rely on numerous assumptions as to the
characteristics of the data. In the early phases of epidemics, or in the case of rare
diseases, where small numbers of disease-positive cases are available, it is often
difficult to meet these assumptions. However, researchers till need a method for
characterizing diseased and non-diseased individuals so that those at risk may be
identified. A learning classifier system such as EpiCSfills this need because it is not
constrained by the assumptions that may hamper traditional statistical analysis.

Finaly, epidemiologists and practicing clinicians are seldom content to accept a
single categorical classification for a given patient. They are much more comfortable
with probabilities of outcomes, given specific patterns of features, so they can frame a
patient’s chances of having a disease along a continuous scale, rather than a simple
yes or no classification. The ability of a classifier system to provide a continuous
measure of risk is paramount to the goal of implementing genetics-based machine
learning systems in clinical domains.

6.2 Differential Negative Reinfor cement

Biasing the FP:FN ratio had no effect on learning rate or classification ability when
using data at 50% prevalence. In addition, no significant effect on classification
ability was found at the remaining three prevalences. However, a progressive
improvement of learning rate was observed when biasing the ratios using data of
decreasing prevalence. This was evident in observing the differences between the
shoulders of biased and unbiased curves.

There appeared to be an optimum FP:FN ratio at each prevalence. For example, at
25% prevalence, the largest shoulder difference between the 1:1 unbiased ratio
occurred when biasing at the 4:1 ratio. The largest difference at 15% prevalence was
at the 10:1 ratio, which was also optimal at 10% prevalence. At 5% prevalence, the
largest difference was found at 10:1 as well. Clearly, the maximum differences were
found in ratios that reflected (although not exactly) the ratios of negative to positive
cases in the data. In summary, biasing the FP:FN ratio improved learning rate in the
lower prevalence data, and the amount of bias that was required to obtain the
optimum learning rate appeared to be proportional to the prevalence.

EpiCS did not do as well on testing with lower prevalence data. Specifically, the
decreased sensitivity, with increased variance, contributes to the Bwerhis
appears to be caused by the increasingly large numbers of true negatives exerting
pressure on the true positives, resulting in a decision which is more likely to classify
as negative a truly positive case. Although not a focus of this investigation, an
inspection of the match sets [M] created during the testing epochs revealed that their
membership was divided approximately according to the proportion of positives and
negatives in the training set. That is, the classifiers matching a given testing case
were less likely to advocate a disease-positive in lower prevalence data; this
relationship appeared to be linear with decreasing prevalence. Unfortunately,
epidemiologic data are virtually never “perfect” in the sense that there is a crisp
definition between sets of features defining one class or another. Rather, there is
usually a great deal of noise in these data, such that a single pattern may classify both
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positive and negative. This promises to be an intriguing problem for research into the
application of a LCS to epidemiologic domains.

7 Conclusion

This paper summarized two investigations conducted into applying a stimulus
response learning classifier system, EpiCS, to the task of discovering knowledge in

clinical databases. The types of knowledge in databases of this type are severa,
although these investigations focused on clinical prediction rules that could be used to

classify an individual base don disease risk. To this end, EpiCS was specifically
configured to calculate risk estimates based on the composition of match set
membership; this represents a new approach to deriving class membership of unseen

cases. EpiCS addresses the need of clinical researchers to ascertain disease risk
accurately, especially in those outcomes where classification is not merely
dichotomous, or where the surface between two classes is movable aong a
continuum.  Further research into the risk ascertainment algorithm is needed,
however, as several questions go begging at this stage in EpiCS’s development. For
example, how well does EpiCS’s risk algorithm deal with missing data, which are
very common in clinical research? If this question can be addressed successfully, this
would place EpiCS even further ahead of logistic regression as a method for
determining risk of disease.

In allowing the differential negative reinforcement of erroneous classifications,
EpiCS also addresses the reality that clinical data often have unequal class
prevalences. It is well-known that classifiers in general, and the LCS is no exception,
produce biased estimates of accuracy in the face of low (or high) prevalence of one
class over another. EpiCS allows the manipulation of reinforcement of false positive
and false negative decisions, with the goal of reducing learning time, and hopefully
improving overall classification accuracy. As was shown in this investigation, the
former goal was met, to some extent, although the relationship between the extent of
differential negative reinforcement and empirically observed learning rates is not
entirely clear. Unfortunately, differential negative reinforcement contributed nothing
to the improvement of classification accuracy. However, both of these areas merit
further investigation; without it, the LCS will remain with the other classifiers, such
as neural networks, decision tree inducers, and nearest neighbor methods, as unable tc
deal with unevenly distributed clinical data.
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Abstract. In this paper we describe a simple model of adaptive agents
of different types, represented by Learning Classifier Systems (LCS),
which make investment decisions about a risk free bond and a risky
asset under a well defined stock market environment. Our main aim is
to explore the degree of reliability that artificially intelligent agents can
have when applied to real life economic problems. We do this by eva-
luating whether an LCS is able to represent competent traders in a real
market scenario in which daily stock prices and dividends are given to
the agents exogenously, so permitting us to focus on the dynamics and
evolution of the behaviour of these evolving traders without having to
be concerned about how their actions affect the market.

We present results of adaptive and non-adaptive simulations over a pe-
riod of ten years of real data of a specific stock and show that the artificial
agents, by displaying different and rich behaviours evolved throughout
the simulations, are able to discover and refine novel and successful sets
of market strategies that can outperform baseline strategies such as buy-
and-hold or merely keeping money in the bank at a good rate of interest,
even though the agents pay commission on every trade.

1 Introduction

It is common to treat stock prices, foreign exchange rates, etc., as time series
and to use time-series techniques such as recurrent or complex-valued networks
to try to predict their behaviour. However, such methods do not directly model
the causes of the behaviour and therefore can be problematic (e.g. see [7]) when
the underlying causes change — for example, there is the question how much
of the historical data is relevant to the current situation, and the question of
when retraining becomes necessary. Our understanding of precisely what it is
that generates such Onancial time series is still very limited. This paper takes an
alternative approach and seeks to model agent (that is, trader) behaviour rather
than the time series, because tradersll behaviour is one of the major causes of
market behaviour.

There is already some work in this area — see [I6] for a good review. Current
models typically use (i) various non-adaptive heterogeneous agents of each type

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS 9, LNAI 1813, pp. 263-282, 2000.
[k Springer-Verlag Berlin Heidelberg 2000
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(ny of type 1, ny of type 2, etc.) [2l20] which can have a high computational
cost, or, (ii) a number of agents who diller from each other in the strategies they
evolve (usually through a genetic algorithm) while receiving the same type of
information about the market [6/19]. In such models, apart from the divergence
in the rule sets, the agents are identical [I7]. We believe that these restrictions
do not allow the model to capture realistic features of diverse traders; in a real
market, not all investors receive the same market information, nor all at the
same time.

Instead, we propose using only one agent of each type, where the type is cha-
racterised by the specillc set of market statistics that it pays attention to. One
agent therefore represents the aggregate ellect of all such traders. We hypothe-
sise that such aggregates are simpler than individual agents would need to be;
dillerent individual behaviours average out, so to speak. For example, a group of
mathematically-inclined traders may all pay attention to various moving-average
price statistics. Although any one individual may have a very sophisticated deci-
sion procedure involving such statistics, the net ellect of all decisions by members
of the group might perhaps be modelled by a simple decision process that uses
such information. Ideally the agent, representing a group of traders, will have a
variable-sized ellect on the market. This expresses the fact that if a real trader
becomes successful by abasing his/her decisions on certain information, others
will tend to emulate his/her approach and so the impact of that type on the
market increases.

In this chapter, agentsldecision-making processes are represented by Michigan-
style learning classiller systems (LCSs) running simultaneously, one for each tra-
der type. This may be overly simplistic — for example, S-classiller systems in
which individual conditions are LISP-like S-expressions may prove to be better
— but it will be useful to explore how ellective it can be.

2 Background

Traditional approaches for modelling Onancial markets such as rational expecta-
tion models usually assume that agents have complete knowledge of the structure
of the market as well as other agentsllbeliefs and objectives [21]. Such theories
state that a market remains in equilibrium if the agents display a rational be-
haviour in anticipating changes in supply and demand. Simply looking at stock
market data, though, one can observe that there is a type of volatility that does
not match the rational expectations model. In addition to this, it is also assumed
that traders react to the same information in a linear fashion and that in the
aggregate all traders are rational (even if they do not behave rationally indivi-
dually). In fact, the common assumptions are that trader skills and experience
are fairly evenly distributed, and that trader reasoning is inductive [4J5].
Although in the Onancial world it has been dill cult to isolate a single factor
that originates moves in the markets, it is an aim of this work to explore how
much the psychology of traders — peoplels expectations and reactions — allect
the process. Clearly other causes also allect prices, for example: (a) supply and
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demand, (b) external inlluences such as political or natural factors, e.g. an ear-
thquake, (c) economic statistics and (d) technical considerations [1]. Not all of
these can be modelled. In this paper, several types of agents are each represented
by an LCS. However, dillerent types receive dillerent environmental messages.
The agents do not necessarily communicate or interact directly with each other.

We have dellned three arbitrary or ordinary types of traders, none of which
is truly economical in the sense of maximising utilities of consumption (i.e.,
possessing a constant absolute risk-aversion utility function) like the agents of
the Santa Fe Artillcial Stock Market [3/19]. Instead, they apply their market
forecasting hypotheses or mental models based on their knowledge of the stockl
price, dividends and splits history in order to decide how to invest their money
on a daily basis. The main results reported here use 10 years of historical data
about the stock price of Merck & Co., available from quote.yahoo.com. As it
happens, this performed very well over the period, and it is worth remembering
that it is not hard for a competent trader to make money in such circumstances.
We have run similar experiments using data about the stock price of Forest Oil
which, like many in the oil business, fell fairly steadily instead. In our experiments
each agent makes one decision (buy, sell or hold) per day, also specifying a size
of trade expressed as a percentage of shares held (if selling) or of cash held (if
buying).

The purpose of using real historical data is to concentrate on the dynamical
behaviour of the dillerent types of agents. As this is an on-going research, the
next stage will be to allow the prices to be calculated endogenously in order
to analyse the properties of the time series generated, and the dynamics of the
agentsll behaviours over time. For this we intend to use the kind of [kconomic
agentdeveloped in work on the SFI stock market simulation — see [BI17/18/19],
among others. For recent experiments with the SFI stock market simulation,
about the ellect of changing the systemlb evolutionary learning rate, etc., see
[I3T415).

3 The Model

In the model used in this chapter, agents make decisions based on easily-obtained
statistics such as various price moving averages, Orst dillerences in prices, vo-
lume ratios, etc. — but a dillerent information set for each type of agent. This
corresponds to the idea that traders react dillerently given the same informa-
tion, they tend to take into consideration dillerent facts about a current market
situation. An agentlb decision process is expressed as a set of classiller-type ru-
les, bit-encoded; each condition bit expresses the truth or falsehood of a certain
condition. The actual conditions used vary between agents, and are described
later.



266 S. Schulenburg and P. Ross
3.1 Market Structure

Time is discrete, indexed by ¢ and represents one trading cycle equal to one day
in real terms. Other components of the market are dellned in [22]. The model
consists of:

1. Three heterogeneous adaptive agents. Note that in this chapter the stock
price does not change according to supply and demand of the artillcial agent
types, but rather by changes of real phenomena outside their scope.

2. One non-intelligent agent which represents the so called “Buy and Hold”
strategy — in this case, buying only on day one (it is mainly a bull mar-
ket). Many people believe that such a strategy is best in the long run. This
semi-agent is of great relevance because we need to compare our traderlk
performances against a strategy which works very well for highly performing
stocks. But the fact that any real trader can decide to hold his/her posses-
sions for a long period of time and that he/she is doing nothing with the
shares in that time does not necessarily imply a lack of intelligence!

3. One Bank agent which represents the strategy of leaving all the money in
the bank earning compounded interest — in this case at 8% p.a.

4. The Information Set. This is the available raw data about the market, as
well as data which has been processed in various ways. It includes basic daily
information about the stock such as its current price, volume of transactions,
splits and dividends, and some derived information such as price dillerences,
moving averages, current standing of the buy-and-hold strategy and the bank
investment. Although it would be simplest to give each dillerent agent type
the same information, in the present model it is also possible to choose
to vary what an agent sees according to its nature. The agent types are
distinguished from each other by the fact that each day, they receive dillerent
sets of information-environmental messages.

5. Two assets traded: a risk free bond with inlInite supply paying a Oxed inte-
rest rate (bhe BankD), and a risky stock. For an endogenous price formation
scenario, the stock will be issued in N units paying a stochastic dividend gi-
ven externally, and for the exogenous price scenario that is mainy discussed
here, the stock is in inlnite supply, the only limitation is that the agent must
be able to allord the amount of shares it wishes to buy.

3.2 Decision Making

Although in general terms the goal of the artillcial agents is to maximise their
prollts by making investment decisions regarding their current portfolio, they
form their expectations in very dillerent ways. Each day, they all have a choice
of (i) leaving their money in the Bank, in which case there is a Oxed interest
rate paid on a daily basis equivalent to 8% annually, or (ii) they can buy or sell
a stock, represented by Merck & Co.
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Representation. The framework for representing the adaptive agents relies in
the following LCS components, more throughly described in [10J11]:

1. The performance system, consisting of (i) detectors for extracting informa-
tion from the environment, (ii) classillers to represent the agentlk capabilities
for processing the environment and (iii) electors, through which the agent
acts on its environment.

2. Credit Assignment Algorithm. For situations in which many rules Ore at the
same time, it is responsible for strengthening rules that set the stage for later
more rewarding activities.

3. Rule Discovery Algorithm, through which plausible hypotheses are generated
and past experience is incorporated.

Learning and Rule Evolution. There are two levels of learning in the model:

The Orst level happens rapidly as the agent learns which of his strategies are
accurate and worth acting upon, and which ones should be ignored. This happens
during the auction among currently matched classillers in the apportionment of
credit algorithm.

On each trading cycle zero or more rules can match the current state of
the market, but only the best will be used in that period as it relates to a
specillc market descriptor. The credit-distribution system used in the present
model is a simplilled bucket brigade algorithm in which a payment equal to the
bid of the current winner is transferred to the old winner only, no chains are
implemented because we are not interested in rewarding sequences of classillers
for more than one step. For each agent there exists an option of setting this
payment distribution on or ofl.

The second level occurs after several trading periods have gone by, when
the structure of these mental strategies is modilled by the use of a GA which
replaces some of the worst performing rules by new ones created with useful
pieces of good rules.

In general terms, a genetic algorithm is activated to allow the agent to per-
form the following operations:

1. Specialisation. Transformation of general rules into more specillc rules.

2. Diversillcation. Introducing more heterogeneity in the rule set.

3. Creation. Adding new rules into the system when an incoming message
does not match any rule.

4. Generalisation. Birth of ollspring from parents with high Otness through
Crossover.

A proportion of the population is selected for reproduction during a given
genetic algorithm invocation. In the examples for the simulations shown in sec-
tion number Bl this Ogure is usually set to 20% (as suggested in [§] when solving
the six-multiplexer problem starting from a randomly generated set of 100 ru-
les). Using roulette wheel selection, a pair of mates is selected, where crossover
and mutation take place in the normal way and the replacement candidates are
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chosen from a low-performance subpopulation. Since the search is for a well ad-
apted set of rules, we use crowding replacement to choose the classillers that die,
inserting new ollspring in their place on the basis of similarity. For more details
on how the genetic algorithm works, refer to [§].

4 The Three Arbitrary Agents Model

In order to keep the model as simple as possible, we have introduced only three
types of traders (that is, three agents) in the market and they all receive dille-
rent sets of market information and compute their optimum portfolio by using
dillerent models. In what follows the three types (agents) are called Tt1, Tt2,
and Tt3. One type can not evolve into another type, but it can go broke and
thus halt while another one can get rich. It is of course possible for an agent to
learn to ignore any particular Oeld in the daily market information it receives,
but it cannot ask for extra Oelds beyond those given to it.

Each type of agent controls its market position by using and evolving a set of
classillers. These classillers are used to match binary conditions in the market,
which requires predellning a set of binary states or environmental messages for
each agent that can be used when making decisions. All three agent types receive
the Orst dillerence in price (1 if the current price of the stock is higher than the
previous dayl, 0 otherwise), followed by a basic set of market information which
dillers for each type of agent.

The Orst set contains price statistics and moving averages, based on
standard moving average types of trading rules, the second set basically contains
volume statistics, and the third set incorporates apart from the price and
volume, some other news such as the accumulated wealth of both the buy-and-
hold strategy and the banklk, and a recollection of its past action. Only these
simple environmental messages are reported here, because we want to study
simple models Orst. Later versions might, for example, allow every agent to
make use of what each of the other agents chose to do on the previous day, or
might allow a poorly performing agent to switch from seeking to improve its
wealth to seeking to emulate another, better-performing agent but still using its
own information set for the purpose.

For present purposes Tt1[ state vector is seven bits long, Tt2[¥ is Ove, Tt3[ is
6. Table Mshows the meaning of each position for Tt1 and Tt2 during the current
trading period t¢. The actual value of each cell is 1 if the condition is satisled.
For example, bit number 1 is 1 if the price today is higher than yesterdayls: P
is the price on day t, Paras is the Ove-day price moving average, Phignest and
Vhighest are the highest price and volume for any day so far, etc.

Similarly, the third traderls market state vector is summarised in table
The third trader dillers from the others in a couple of ways. The Orst one is that
it receives both the dillerence in price and the dillerence in volume, with the idea
that it will use this in conjunction with an additional piece of information, and
that is “how” it stands in the market. For this we have given it a comparison of
its daily accumulated shares with respect to the total shares owned by the the
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Table 1. Environmental message for Trader Types 1 and 2

Trader type 1

Bit Number|Representation ‘ Trader type 2
1 P> P, ’Bit Number|Representation
2 P > 1.2 % Pyras 1 P> P
3 P; > 1.1 % Pryrato 2 Vi>Vica
4 P, > 1.05 % Ppraoo 3 Vi > Vi azo
5 P; > 1.025 * Ppraso 4 Vi > Vhighest
6 Pt > Phighest 5 V;t < ‘/lowest
7 Pt < Plowest

buy-and-hold investment, represented by Shares;, as well as information about
the accumulated wealth of its competitors: the buy-and-hold and bank. Note
that it also receives its own previous action, so there is a [Fellectivel aspect to
this trader. The other two types do not receive a note of their previous decision
as part of the environmental message.

Table 2. Environmental message for Trader Type 3

Bit Number|Representation

1 P> P

Vi> Vit

Shares; > Buy and Hold Shares;
Wt > Wt Bank

Wi > W, Buy and Hold

Tt3 action at (t-1)

S| OY x| W N

As usual classiller rules contain two parts: < condition >:< action >. The
condition is a bit string matching the current market state vector which has a
Oxed length with each position taken any of the three values 0, 1 or #. The 1 and
0 match corresponding bits in the state vector, while # is a wild-card symbol
which matches both 0 and 1. Wild-cards make it possible for an agent to learn
to ignore some information.

The action is a bit string of length 4 indicating the decision of whether to
buy, sell or hold possessions on the current day. The Orst bit represents a buy
(1) or sell (0) signal, followed by three more bits which represent the percentage
of available cash to use if buying, or the percentage of shares to sell if selling.
Table Blshows the mapping between bits 2-4 and a percentage. Buying or selling
0% corresponds to simply holding.

The factor s in this table is a scaling factor which increases linearly from
0.1 at day 0, in ten equal steps to 1.0 at day 2,000; without such scaling, a
novice trader might be wiped out early on before having the chance to learn



270 S. Schulenburg and P. Ross

Table 3. Transaction percentages

’Bits 2—4‘Percentage ‘

000 |0% (i.e. hold)
001 [155%

010 |30s%

011 |45s%

100 |60s%

101 |75s%

110 |90s%

111 [100s%

about trends. Although economic and Onancial models are mainly based on
continuous real valued data, we believe that in this model it is not necessary
to have to use continuous entities explicitly in the traderls rules. This binary-
encoded information seems to be enough to capture the causal reasoning in such
simplilled models, and has the added benellt of being easy to process.

4.1 The Trading Process

Each agent buys, sells, or holds its possessions and adapts by receiving feedb-
ack from the changing environment by monitoring, updating and evolving new
procedures. The idea is that agents therefore continually form individual, hypo-
thetical expectational models of “theories of the market,” test these, and trade
on the ones that predict best. An agent might interpret a certain state of the
market (events) according to its past performance. Thus there is a dynamical
approach in the sense that future behaviour is allected by past performance im-
porting feedback (new observations) from the environment. This inductive way
of reasoning is explained in more detail in [4].

A basic accounting procedure takes place for every agent. At the beginning of
each trading cycle, the agentlb holdings and cash accounts are updated, including
stock splits, cash dividends and commissions for all transactions executed. If the
trader decided to buy it must own all the cash incurred in the transactions,
including the commission fee. When selling, the trader must own all the shares
it wants to sell. Agents cannot borrow money or sell short. At the end of the
day, the wealth of each trader is updated by adding the interest paid during one
cycle to the cash account. The wealth W) at time ¢ of agent ¢ is thus given by
the equation:

Wiy = (L+7) My + Hi)p(t), (1)

where (14 r)M;(t) is the cash invested at an interest rate r and H,p(t) are
the holdings calculated at the current price of the stock p(t).
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5 Simulation of the Three Arbitrary Agents Model

The set of experiments of this section refer to the model using real data, the
three agents Tt1, Tt2 and Tt3, and the non-intelligent Buy and Hold[ agent
and the trivial Bankl agent, all described earlier in section B-1. We want to
keep everything as real as it can be, therefore there is a commission C of 0.1%
incurred for each transaction. The compound interest rate paid by the bank has
been set to 8% annually. Tt1, Tt2 and Tt3 are able to buy, sell or hold their
possessions as they wish. On day one they are given $10,000 (ten thousand US
dollars). In addition to the initial cash, they could also be given a number of
shares to start with.

The idea is that the apportionment of credit algorithm, along with the genetic
algorithm should provide each individual agent with experience-based rules for
buying, selling and holding. We want to test whether this holds for the proposed
model.

5.1 The Adaptive Phase

In this Orst phase the simulation starts by randomly initialising the strategies
of each agent, all with strengths values equal to 10. There are 100 classiller
rules per agent, although they are designed to have any number of classillers,
completely independent of each other. The probability of having # symbols in
classiller conditions is 0.5. The rest is Olled equiprobably with Os and 1s. The
reason we set the probabilities this way is because we want to start with more
general rules to match the given environmental states. The action part has no
# symbols; bits are 0 or 1 with equal probability. The measure of performance
of any given agent is the amount of money it accumulates through its actions
and it is calculated at the end of each day.

The full set of data we used for the two sets of experiments corresponds to
10 years of real prices and volumes for the stock Merck & Co. It is divided in a 9
year training period — the adaptive phase — and a 1 year testing period, the non-
adaptive phase. Splits and dividends declared by the company over that period
are already discounted in the price series, so there are no jumps in prices due to
splits or in wealth due to payment of dividends. For the [rst set of experiments,
the random scenario, we only used the Orst 9 years of data. This set of data
is taken as a training set, while the remaining year will be used later on for
testing purposes. Nine years of Onancial data corresponds to 2,275 trading days.
We ran several simulations with dillerent seed values with three agents trading
daily to select the best performance of each type recording the parameters used
as well as the rule conllgurations evolved. The parameters for the three agents
are shown in table @l GA period refers to the number of generations or cycles
that have to pass before the genetic action takes place. In all cases presented
in this paper, when the GA is ON, 20% of the current population undergoes
reproduction, crossover, mutation and replacement by crowding.

Automatch Qag refers to a covering algorithm similar to the one suggested
in [24], that creates a matching classiller when there is no current match and
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Table 4. Parameters for Adaptive Simulation

Parameter Tt1 [Tt2 |Tt3
GA period 200 {100 {100
Automatch Flag ON |ON |ON
Specificity Flag ON |ON |ON
Noise Flag OFF |OFF |OFF
Bucket Brigade Flag |ON |ON |ON
Reinforcement 0.5 0.5 0.5

Number of shares 0 0 0
Initial Cash given 10,000{10,000{10,000
Commission per trade|0.1% [0.1% [0.1%
Annual Interest Rate |8% 8%  |8%
Seed 0.9 0.95 0.9

inserts it in the population replacing the classiller with the lowest performance.
The action is selected according to price behaviour (i.e. if the price today is higher
than yesterday, the action is set to 1) and the proportion is selected randomly.
The classillerly strength is chosen to be the larger of 10 and the average value
of the populationl strength. Additional experiments showed us that using the
initial value of 10 in all cases did not improve performance; on several occasions, a
non-matching situation was encountered when the average of strengths was well
above the default value of 10 and the inserted classiller became one with very low
strength and ended up disappearing, either because other non-matching classiller
was inserted, or because the genetic algorithm would select it for replacement,
forcing the system to make unnecessary re-insertions of the same classiller later
on, when the same environmental message appeared again. Note that the number
of classiller rules per agent is a Oxed quantity equal to 100, not a dynamic list
because we want to develop the simplest possible type of agent, one able to
generalise good enough, as well as to specialise by recognising more narrow
market states. If we simply add to the population of rules new market states,
we would end up with a very large set of specillc rules and the complexity of the
exploration would increase. In all runs with Merck data the use of this automatch
algorithm showed improvements.

The Oags specillcity, noise and bucket brigade refer to the apportionment
of credit subsystem, where an auction takes place to select a winning classiller
from the set of matched classillers, as described in [8]. When the bucket brigade
Oag is on, a payment equal to the current winnerly bid (amount proportional
to the classillerly strength and specillcity) is given to the previous winner. This
corresponds to the implicit bucket brigade algorithm Orst developed by S. Wilson
in [23]. In general, our results show higher traderls performance when this Dag is
on. This is due to the fact that the payment received by the old winner balances
the bid payments (and others such as taxes) it made; otherwise it could lose
strength when its action might have actually contributed to more wealth.
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And Onally, reinforcement represents the amount of payment awarded to
those classillers that satisfy specillc market criteria. Our reinforcement scheme
corresponds to a modillcation of Holland and Reitmanls epochal credit alloca-
tion plan scheme, the prollt sharing plan (PSP) [1219], where a constant fraction
of the current reward is paid to each classiller that becomes active since the last
receipt of reward. Instead of paying a constant fraction, we reward classillers ac-
cording to their specill city: a classillerlk parameter which determines the number
of non # symbols in its condition part. The more specillc the classiller is, the
higher the percentage of the reinforcement reward it gets. Rationing the reward
payments this way allowed us to get a good distribution of low specillcity rules
to cover more general market scenarios with respect to more specillc rules to
cover the more specillc cases. In addition to this, classillers are paid if and only
if they satisfy certain conditions. There are a number of market characteristics
to consider when designing the reward scheme. We have tried many dillerent
criteria, i.e. the simplest criterion corresponds to paying a reward to all matched
classillers whose action (yesterday) was a decision to buy when todayls price
is 2% higher than yesterdaylk price or 2% higher than the last 6-week moving
average. Another criterion rewards classillers that suggested holding when the
actual price Ductuates 20% above or below the last 6-week moving average. Note
that the reward payment is made once the current price of the stock is known,
i.e. rewarding the classillers that matched on the previous day AND satislled the
given criterion.

Figure[l shows, in the left-hand graph, the wealth of Tt1 and of the bank and
buy-and-hold strategies over the 9-year training period. Even though the agent
starts with randomly selected classillers, it manages to outperform both of the
strategies shown. As it can be seen, at around day 700 there was a two year bear
market, in which period the artillcial agent started to outperform the buy-and-
hold strategy by far. It is at this point when the agent found rules that proved to
be prolltable such as 11##1#0, buy when todayls price is higher than yesterdayls
AND higher than 120% of last weeklls moving average AND higher than 102.5%
of the last 6 weeksl moving average AND is not lower than the lowest price seen
and so forth. The right-hand graph in Ogure [l shows the number of shares the
agent owns during the same period of time against the buy-and-hold strategy.
The biggest oscillations in shares happened around day 1,000, exactly when its
wealth outperformed the buy-and-hold strategy. It is on this Ogure where we
can get an idea of the agentld trading volume. Recall that a commission is paid
by the agent for every buy/sell transaction. These particular results of wealth
correspond to a single run. However, runs using dillerent random number seeds
show considerable dillerences in performance.

Figure [2 shows the same information for Trader Type 3. Around day 1,000,
it starts prolting from selling shares when the price is dropping. In terms of
share dealing, Tt3 also shows an increase in transactions around day 1,000, but
in addition to this, there is another period of oscillations around day 2,000.
By looking at the oscillations in shares owned we can see the dillerent trading
behaviours displayed by Tt1 and Tt3.
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Taking a closer look at the traderll wealth and shares during the period
of days 700 to 1,300, in Ogure Bl we can see more clearly how the bank slowly
but steadily increased its wealth, while the buy-and-hold strategy dropped sig-
nillcantly due to exogenous market forces, but Tt3 managed to get out of this
downward trend not only by selling its current owned shares, but also by pro-
Oting from ups and downs thanks to an increase in its daily transactions. At
the beginning of the period, the agent had in possesion fewer shares than the
buy-and-hold strategy, but by trading accurately, it ended up having 50% more
shares than the buy-and-hold strategy.

A more detailed description of the traderll actions is shown in Ogure[d The
letters next to each data point (S, B, H) indicate when the agent decided to sell,
buy or hold. Pleasingly, the traderls buying decisions dominate at bottom prices,
while the selling decisions dominate at peak prices. Note that such decisions
are based on the traderls expectations about the future price. These trading
behaviours are emerging properties of the system rather than explicit trading
rules incorporated into the traderly pool of beliefs either by an expertls advice
or by past observation, this is still the training period.

A specillc examination of which rules Ore showed that agents do indeed learn
to buy on the upward trend and sell on the downward trend, although the precise
details vary from agent to agent. In particular, space does not allow us to discuss
what each agent regards as a trend. The scaling factor s that limits the size of
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Fig. 4. Daily Decisions made by Trader Type 3 from day 920 to 970. Buy, Sell and
Hold correspond to S, B and H respectively

early transactions (see table ) is the reason why the right-hand graph in Ogure
shows smaller numbers of shares traded at the beginning. But these oscillations
gradually increase until around day 2,000, when the swings of share transactions
ranges from 200 to 1,800 in one trading cycle.

Table[Blshows the initial and Onal wealth of the bank, buy-and-hold, Tt1, Tt2
and Tt3 in runs with the parameters previously shown. Note that the highest

return corresponds to Tt1, followed by Tt3, then Tt2, the buy-and-hold strategy
and [nally the bank investment.
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Table 5. Returns of all Agents from Adaptive Simulation

2,275 trading days \ Bank \ B&H \ Ttl \ Tt2 \ Tt3 \

Tnitial Capital 10,000]10,000] 10,000 |10,000] 10,000

Final Capital 20,546(76,733|102,180(82,006|100,755
% Increase w.r.t. Bank 0 273 397 299 390
% Increase w.r.t. buy-and-hold -73 0 33 7 31
% Return w.r.t. initial investment| 105 | 667 | 922 720 908

5.2 The Non-adaptive Phase

The purpose of this phase is to test whether the evolved agents can then continue
to trade reasonably successfuly for a further calendar year. The parameters for
this simulation are shown in table [6l All classillers start with strength equal
to 10. The simulation runs for a total of 253 trading days, equivalent to one
calendar year, starting the day immediately after the previous phase ended.

Table 6. Parameters for Non-Adaptive Simulation

Parameter ‘Ttl ‘Tt2 ‘Tt?) ‘
GA period OFF |OFF |OFF
Automatch Flag on/off on/off |on/off
Specificity Flag ON |ON |[ON
Noise Flag OFF |OFF |OFF
Bucket Brigade Flag [ON |ON |ON
Reinforcement 0.5 0.5 0.5

Number of shares 0 0 0
Initial Cash given 10,000{10,000{10,000
Commission per trade|0.1% [0.1% [0.1%
Annual Interest Rate (8% (8% 8%
Seed N/A |N/A |N/A

Again, the left-hand graph in Ogure Bl shows the wealth of Trader Type 1
against the wealth of the bank and buy-and-hold strategies, followed by the
shares distribution in the right-hand graph. We have drawn a square around day
number 2,425 in both graphs to show that the kind of decisions taken by the
agent at that specillc time contributed to its accumulation of wealth. There are
three drops in shares that correspond to selling at peak or near peak prices.

Figure [0l shows the decisions taken by the agent during some of those days.
Most decisions were a signal to buy because by this time the price of the stock
is higher than normal. The trader has learned that it corresponds to a better
investment than leaving the money in the bank. But eventhough it buys most
of the time, it decides to sell just before the price is about to drop. These
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transactions are the most relevant for its accumulation of wealth during the test
period.

Summarising the results of this non-adaptive phase, table [7] shows the initial
and [Onal wealth of the bank investment, buy-and-hold strategy and Tt1, for runs
with the parameters previously shown. During this testing phase, the artillcial
trader had acquired a useful set of trading models that uses accordingly to
outperform the bank and the buy-and-hold strategy.

Runs with this same testing set of data but turning the GA on (invoking
it every 20, 50, 80 and 90 out of the 253 days) are shown in table § The Orst
column refers to results previously shown with the GA turned oll. These Ugures
relect only the averages over 11 runs with dillerent seed values in the range of
0.0 to 1.0, increasing in steps of 0.1. Although results appear more detrimental
because “on average” performance drops when adding further learning to the
set of rules already learned, taking a closer look at the individual performances
with each seed, we were able to Ond the highest performing element (with GA
every 50 generations) found so far over this data set, which represents a 23%
increase over bank, and 6% increase over buy-and hold strategy.
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Table 7. Returns of Tt1 from Non-Adaptive Simulation

253 trading days ‘ Bank ‘ B&H ‘Trader‘
Initial Capital 10,000]10,000] 10,000
Final Capital 10,834|12,587(12,968
% Increase w.r.t. Bank 0 16 20
% Increase w.r.t. buy-and-hold -14 0 3
% RETURN w.r.t. initial investment| 8.34 | 25.87 | 29.68

Table 8. Returns of Ttl from Adaptive-Adapted Simulation

253 trading days GA|GA|GA| GA
20 | 50 | 90 |OFF

% Increase w.r.t. Bank 8 | 17119 20
% Increase w.r.t. buy-and-hold| -7 | 1 | 3 | 3

5.3 Adaptive vs. Non-adaptive

In order to analyse separately the learning due to apportionment of credit among
the original (random start) rules and that due to the injection of new rules by
the GA, in table [ we show comparisons in average performances of runs with
various values of GA invocation (GA ON) against runs in complete absence of
genetic action (GA OFF). In these experiments we used the original 9-year set
of data, starting with 100 random classillers, which should be able to contain a
moderate subset of rules (although not very rich for this dill cult problem).

Table 9. Testing the relevance of the GA as a rule discovery heuristic

2275 trading days GA|GA|GA|GA|GA| GA | GA
50 | 75 [100|200|500({1000|OFF

% Increase w.r.t. Bank 163|185(155(129|125| 90 | 113
% Increase w.r.t. buy-and-hold|-30|-24|-32(-39|-40| -49 | -43

Results with the GA OFF indicate how the apportionment of credit algo-
rithm adjusts the strength values, and those with GA ON indicate the elect of
evolving new rules, which indeed is benellcial, except in the case in which the
GA is invoked every 1,000 iterations. This means that it is only called 2 times
during the total number of days, so when it is called, it only does a little damage
to the rules. All the other cases show an improvement in average performance.

As mentioned before, 20% of the current population of 100 classillers un-
dergoes reproduction, crossover, mutation and replacement by crowding. This
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means, for example, that the population of rules with a GA invoked every 100
cycles is turned over 4.55 times in 2,275 iterations]

5.4 Variable Sized Ellect on the Market

In this section we consider the dynamics of the dillerent trader types in an
adaptive single run over the nine year training period of data. Note that in
the simulations previously shown, prices are real, not created endogenously. So,
instead of analysing the price dynamics, we will analyse the dynamics of the
trader types. Their actions do not have an ellect on the market, but the market
has an ellect in the composition of their strategies and in their accumulation of
wealth.

There are three examples shown in table[I0l The Orst run uses seed 0.9 and
GA period of 100. The second one, seed 0.95, GA period 100 and the third run
the GA period is 200, seed 0.9. Other parameters are the same as in table @ The
values under Tt1, Tt2 and Tt3 indicate the wealth of each agent as a percentage
of the total wealth of the market at the beginning and at the end of the 9 year
period -Orst and last day. By looking at the impact of the total wealth that each
type of agent represents in the market, we can easily infer that this proportion
varies from time to time.

At the beginning of the simulation each type represents 1/3 of the total
wealth of the market (each type is given the same amount of money, equal
to $10,000 dollars), while at the end of the run their share of the market has
obviously changed. For example, Tt1 represents 22%, Tt2 22% and Tt3 56%. It
is clear that the behaviour of Tt3 gets to be more signillcant than the others
as time progresses. The most successful will have a greater ellect on the market
because the more wealth an agent has, the more transactions it can allord, thus
increasing its impact on the market. The opposite ellect can be shown in the
experiment with seed 0.95, where Tt1 ends up representing 31% of the market,
Tt2 goes up to 55% and Tt3 dramatically decreases its share in the market to
14%. On the third run Tt1 dominates, and Tt3 decreases from the starting 33%
to 22%. These results correspond to the idea that if a real trader is successful,
others will tend to emulate his/her approach increasing the impact of that type
on the market.

Table 10. Percentage of Total Wealth at time ¢ on three single runs

Seed|Day |Tt1|Tt2|Tt3
0 33 |33 |33
0.90 |2,275|22 |22 |56
0.95 |2,275|31 |55 |14
0.90 |2,275|46 |33 |21

1 (0.2)(100)(2,275) /100 = 455 new offspring
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6 Conclusions

All three types of non-economically oriented traders were able to survive and
furthermore, outperformed the bank and buy-and-hold strategies in both phases:
adaptive and non-adaptive.

Thus, Learning Classiller Systems seem to be able to at least represent com-
petent traders. A reasonable conclusion is that the agents were successful in
Onding proltable rules exploiting the market inertia, for example, making mo-
ney by selling late in a bull market and by buying in a bear market, or by selling
while the price is dropping until the trend changes and it starts buying.

From the experiments shown it is also interesting to note that although each
agent is independently using reinforcement learning techniques to optimise its
own environmental reward, there is a global incentive to trade without having
any explicit or implicit information sharing between the agents. Technical trading
is a valid outcome in this market. With upward/downward trends in price there
is in general, a collection of wise decisions leading at the end to a very prolltable
situation. Also, informed agents prevail. Specillcally, the second type of trader,
who decides on his investment based on a few items derived from the share
price and the current volume of transactions, is able to end the period with an
increased wealth.

This paper describes work in progress. We are currently working on imple-
menting the variant in which prices are determined endogenously. It would then
be feasible to add more features to this simplistic economy such as having more
instruments to trade or even more markets interacting.

At this point, key questions to address regarding the possible [nal results
obtained from this model involve, [rst, the claim that such a system can be used
to model certain market phenomena i.e., by generating features found in real
markets, such as occasional price swings. Second, there is still the question of
whether a system of agents can create behaviour that emulates real Onancial data
either qualitatively or in One detail, by using evolutionary methods to conllgure
the parameters suitably. Third, given that some historical data can be emulated,
there is the question of whether it would be possible to continue to track the
data into the near future by means of simple perturbations of the model, which
can be found in a simple neighbourhood search.
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Abstract. A system employed by the authors to acquire novel fighter aircraft
manoeuvres from combat simulation is more akin to the traditional LCS model
than to more recent systems. Given the difficulties often experienced in LCS
research on simple problems, one must ask how a relatively primitive LCS has
had consistent success in the complex domain of fighter aircraft manoeuvring.
This paper presents the fighter aircraft LCS, in greater detail than in previous
publications. Positive results from the system are discussed. The paper then
focuses on the primary reasons the fighter aircraft LCS has avoided the
difficulties of the traditional LCS. The authors believe the system’s success has
three primary origins: differences in credit assignment, differences in action
encoding, and (possibly most importantly) a difference in system goals. In the
fighter aircraft system, the goa has been simply the discovery of innovative,
novel tactics, rather than online control. The paper concludes by discussing the
most salient features of the fighter aircraft learning system, and how those
features may be profitably combined with other LCS devel opments.

1 Introduction

This paper reports the authors ongoing experience with a system for discovering
novel fighter combat maneuvers, using a genetics-based machine learning process,
and combat simulation. Despite the difficulties often experienced with LCSs, this
complex, real-world application has proved very successful. In effect, the adaptive
system is taking the place of a test pilot, in discovering complex maneuvers from
experience. The goal of this work is distinct from that of many other studies, in that
innovation, and discovery of novelty, is, in itself, valuable. This makes the details of
aims and techniques somewhat distinct from other LCSs.

The paper discusses problems with past LCSs, recent innovations, the details of the
fighter aircraft application, and the motivations and details of the techniques
employed in the LCS used in this application. In many ways, this system is more
similar to more traditional LCSs, than to more advanced, more recent systems. The
paper reveals that, although the fighter combat LCS could likely benefit from many
recent LCS innovations, it performs successfully, given the goals of its application.

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS ‘99, LNAI 1813, pp.283-300, 2000.
© Springer-Verlag Berlin Heidelberg 2000
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The paper presents results from the fighter combat L CS, both where one player adapts
to a fixed strategy opponent, and where two players co-adapt. Reasons for the
system’s success are explored. General implications of this work for other LCSs are
discussed.

2 lIssuesand Problemswith LCSs

In a paper presented at the First International Workshop in LCSs, Booker points
out an important part of clarifying the details and concerns of LCS research. His
comments are paraphrased here. The LCS is usually described as a method: a set of
algorithmic details that define how a way to solve a class of problems. However, in
many ways the LCS is more of an approach: a set of conceptual details that define a
certain direction for developing methods. Therefore, the defining issues for the LCS
are not necessarily algorithmic, but conceptual. The central problem addressed by
workshop’s discussions was to clarify these defining, conceptual issues. The
workshop’s conclusions on these defining issues emerged from a "reverse
engineering” process. discussion focused on central technical issues that arise in LCS
research, and outlining these issues hel ped to categorize key LCS concepts. Technical
guestions included:

*  What methods can create cooperation in an LCS, despite the competitive nature
of LCS and GA mechanics (e.g., covering a set of possible inputs; performing a
tiling that yields an effective input output mapping; forming a set of structures
that combine to form a action; forming a parsimonious rule set through default
hierarchies; forming sequences of actions through rule chains; etc.)?

*  How can one ensure effective credit assignment in an LCS?

* How can the LCS create computationally useful internal message processing in
an LCS (to allow LCSsto dea with non-Markovian environments)?

*  What is an appropriate syntax or representation in an LCS?

Behind these questions lay a number of typical difficulties that occur in practice with
LCSs. These difficultiesinclude [R0]:

» Classifier populations can sometimes be "taken over" by rules that have high
strength (i.e., high expected payoff), despite the fact that they are supplanting
other (lower strength) rules upon which overall system performance depends.

» This problem can be coupled to difficulties in appropriate credit assignment.
LCSs often have both complex structural credit assignment problems (i.e,
balancing credit in default hierarchies) and temporal credit assignment problems
(i.e., how should credit be propagated through rule chains).

e Asaresult of structural credit assignment problems (and possible L CS syntactical
difficulties) over-general rules often take over populations inappropriately.

e Attempts at the use of internal messages for non-Markovian problems seems to
simply aggravate these problems, and lead to problems of parasite rules. These
are rules that benefit from indirect payoff through temporal credit assignment, yet
cause the eventual degradation of system performance.



The Fighter Aircraft LCS: A Case of Different LCS Goals and Techniques 285

A common outcome of al of these problems is a "rise and crash" behavior in
LCSs. LCSs will often evolve useful, high performance rule sets, then lose key rules
through inappropriate takeover of other rules. Sometimes the system will re-evolve
useful rule sets, and repeat the pattern.

3 Recent LCS Advances

The observed problems above have led to a number of modifications to the traditional
LCS. Many of these are best illustrated by Wilson's XCS [14[15]. This system is
discussed below.

In the XCS, the goal of genetic learning is more strictly clarified by aframework of
reinforcement learning [. Specifically, consider the mapping from state/action pairs
to payoff, (s,@) - P (where payoff P includes both reward r and appropriate temporal
credit assignment). XCS focuses genetic learning on acquiring accurate
generaizations over this "payoff landscape”. In XCS thisis accomplished by coupling
genetic learning to Q-learning, a standard reinforcement learning technique [L1[12].
Given an accurate, compressed representation of the payoff landscape, and the
(approximate) assurance of correct Q values, one can follow a greedy strategy with
respect to these values, and can have some confidenc of Bellman-optimal
reinforcement learning control. Note that there is no concrete assurance of
convergence to an optimal strategy in XCS, but that no such assurance is available in
any reinforcement learning scheme that employs generalization over the state-action
space. However, XCS has empirically shown convergence to optimality in several
complex environments.

Given this clarification of the goal of the "LCS approach™ within XCS, an
appropriate set of techniques are adopted. Chief amongst these are:

e The use of an accuracy measure for classifier fitness, rather than the traditional
strength measure. While strength is an estimator of the expected payoff for a
classifier, accuracy is related to the variance of classifier's payoff. Low variance
(high accuracy) classifiers are considered to be good generalizations over the
payoff landscape. Therefore, they are likely to reflect accurate Q-values.

e The use of a non-panmictic GA (that is, a GA that does not act across the entire
classifier population). In early versions of XCS, the GA was applied only to
classifiersin the match set (those that match the current environmental message).
In later versions the GA was applied only to classifiers in the action set (those
that match the current environmental message and suggest the same action). This
adds selective pressure for the GA to form maximally general classifiers.

In XCS, the effects of these two techniques act in balance to form maximally
general, but smultaneously maximally accurate classifiers. This should help to
overcome some of the "rise and crash" problems that are typical of LCSs, as noted in
Section 2

In XCS (and other, more recent LCS efforts) the nature and goals of the LCS
approach are clarified in the context of reinforcement learning control. This addresses
most of the questions discussed in Section 2.
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Other issues are clarified in XCS as well. Appropriate credit assignment is related
to the reinforcement learning control framework. The nature of appropriate
cooperation of classifiersis aso clarified in two senses: cooperation to form accurate
generalizations over the payoff landscape, cooperation through time, via the Bellman
optimality principles of reinforcement learning techniques (i.e., Q-learning). Other
LCS questions (e.g., non-Markovian environments and alternate classifier syntax) are
also being addressed within the framework of XCS[fL5].

XCS clarifies many of the questions associated with the LCS in terms of
reinforcement learning control. However, one should aso consider how these
questions can be clarified in other contexts. The following sections consider another
successful LCS, and it'simplications for future LCS research.

4 Another LCS

The authors have extensive, ongoing experience with using LCSs for acquiring novel
fighter aircraft maneuvers. This is a successful, ongoing project, satisfying real-world
goals for industry, NASA, and The United States Air Force [g[10]. Despite the
problems outlined in Section 2, this project has used a system that is quite similar to
the traditional LCS model. It is important to note that this system is an outgrowth of
work that began in 1992, and many of its features were designed incrementally, based
on experience, for a particular task. The system is likely to benefit from many of the
advances in LCS theory and practice discussed in Section 3. This is a part of our
ongoing work. However, given the current system’s success, the goals and techniques
of this system merit further consideration.

4.1 TheProblem

By way of introduction, consider the basic problem of one-versus-one fighter aircraft
combat. Two aircraft start their engagement at some initial configuration and velocity
in space. In our simulations, an engagement lasts for a pre-specified amount of time
(typically 30 seconds). An engagement is divided into discrete time instants (in our
simulation, 1/10" second instants). At each instant, each "aircraft" must observe the
state of the environment, and make a decision as its own action for that instant. A
score for a given aircraft can be calculated at the end of an engagement by comparing
that aircraft's probability of damaging its opponent to its own probability of being
damaged.

Given this basic outline of the problem at hand, we will introduce details of the
fighter aircraft LCS.

4.2 The Combat Simulation
The LCSinteracts in simulated, 1-versus-1 combat, through AASPEM, the Air-to-Air

System Performance Evaluation Model. AASPEM is a U.S. Government computer
simulation of air-to-air combat, and is one of the standard models for this topic.
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4.3 Detectorsand Classifier Conditions

The conditions of the classifier are from the traditional {1, O, # aphabet, defined
over the encoding of the environmental state shownin

Table 1. Encoding of Environmental State in the Fighter Aircraft LCS.

Bins (represented in binary, plusthe# character)

3 hits: 000 001 010 011 100 101 110 111
Own Aspect <45 45to 90to 135to 180to 215to | 270to | 315to
Angle (Degr ees) 90 .35 180 215 270 315 360
Opponent Aspect | <45 45to 90 to 135to 180to 215to | 270to | 315to
Angle (Degr ees) 90 135 180 215 270 315 360
2 bits: 00 01 10 11
Range (1000 feet) | <1 1to 45t0 | >75

4.5 75
Speed (100 knots) | <2 2to 35t0 | >48

35 4.8
Delta Speed (100 | <-5 -5to | .5to >1
knots) .5 1
Altitude (1000 <10 10to 20to >30
feet) 20 30
Delta Altitude <-2 -2to 2to >4
(1000 feet) 2 4
Climb Angle <-30 | -30to | 30to > 60

30 60
Opponent Climb | <-30 | -30to | 30to > 60
Angle 30 60
Total: 20 bits

Note that although this encoding is crisp, its coarseness, and the open-ended bins
sometimes used in the encoding, have a linguistic character that is similar to that of a
fuzzy encoding. That is, concepts like "high, low, and medium" are embodied in the
encoding.

4.4 Effectorsand Classifier Actions

The classifier actions directly fire effectors (there are no internal messages). Actions
are from the traditional {1,0,#} syntax, and correspond to the coarse encoding shown
in

Note that these action values are only suggested to the system that simulates the
fighter combat. In many situations, it may be impossible for the aircraft to obtain the
exact value suggested by the active classifier. Fortunately, the nature of the underlying
fighter combat simulation returns an aerodynamically feasible setting of these action
parameters, regardless of conditions. This feature of the system is discussed in more
detail later.
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Table 2. Action encoding in the Fighter aircraft LCS.

Action Values (suggested to AASPEM)

3 bits: 001 | 010 | 011 | 100 | 101 | 110 | 111
-90
Angle of Attack (Degrees) 10 20 30 40 50 60 70

2 hits:

01 10 11

000
Relative Bank Angle (Degrees) 0 30 45 90 180 -30 -45
0
00
1

Speed (100 Knots)

2 3.5 4.8

Total: 8bhits

As an example of the encoding, consider the classifier shown below:
01010010110111010010 / 11010010
This classifer decodes to:

I F

(90 > OmnAspect Angl e > 35) AND

(215 > Opponent Aspect Angl e > 180) AND
(7.5 > Range > 4.5) AND

(Speed > 4.8) AND

(0.5 > DeltaSpeed -0.5) AND
(Altitude > 30) AND

(2 > DeltaAltitude > -2) AND
(dinmbAngle < -30) AND

(60 > Opponent d i nbAngl e> 30)

THEN ATTEMPT TO OBTAI N

(Rel ati veBankAngl e = -45) AND
(Angl eOFf Attack = 40) AND
(Speed = 3.5)

45 Match-and-Act

In our system if no classifiers are matched by the current message, a default action for

straight, level flight is used. Thereis no "cover" operator [.

4.6 Credit Allocation

e At the end of an engagement, the "measure of effectiveness" score for the

complete engagement is calculated (see below).

» This score is assigned as the fitness for every classifier that acted during the

engagement (and to any duplicates of these classifiers).

* Note that this score replaces the score given by averaging the parent scores when
the GA generated the rule. Thus, rules that do not fire simply "inherit" the

averaged fitness of their GA parents [B)].
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4.7 Measures of Effectiveness

Our efforts have included an evaluation of different measures of effectiveness within
the genetics-based machine learning system, to determine the relative sensitivity of
the process. Initia candidate measures included exchange ratio, time on advantage,
timeto first kill, and other relevant variables.

The measure of effectiveness ultimately selected to feedback into the GA fitnhess
function was based on the following steps. The base score was based on a linear
function of average angular advantage (opponent target aspect angle minus ownship
target aspect angle) over the engagement, as shown in Fié. 1i

0.15
et
(@]
@ 0.1
c
(]
S
(]
€ 0.05 -
(@]
c
L
0 I I I I I I I I
0O 10 20 30 40 50 60 70 80 90
Average Target Aspect Angle (Degrees)

Fig. 1. Measure of effectiveness, which is used as an input to the GA fitness function.

To encourage maneuvers that might enable gun firing opportunities, an additional
score was added when the target was within 5 degrees of the aircraft's nose. A tax was
applied to non-firing classifiers to discourage the proliferation of parasite classifiers
that contain elements of high-performance classifiers but have insufficient material for
activation. All non-firing classifiers that were identical to a firing classifier were
reassigned the firing classifier's fitness.

4.8 GA Activation

» The GA acts at the end of each 30-second engagement.

« The GA ispanmictic (it acts over the entire population).

* Insome of our experiments, the entire classifier list is replaced each time the GA
is applied. This has been surprisingly successful, despite the expected disruption
of the classifier list. In recent experiments, we have used a generation gap of 0.5
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(replacing half of the classifier population with the GA). This is still a
substantially larger portion than are replaced in many LCSs.

* A new, GA-created classifier is assigned afitness that is the average of the fitness
values of its "parent” classifiers.

 The GA used employed tournament selection, with a tournament size ranging
from2to 8.

» Typical GA parameters are a crossover probability of 0.95, and a mutation rate of
0.02 per bit position. When a condition bit is selected for mutation, it is set to one
of the three possible character values (1, O, or #), with equal probability. Note that
this actually yields an effective mutation probability of (0.02)(2/3)=0.0133.
Children rules replaced randomly selected rules in the population.

4.9 Conflict Resolution

The matching rule with the highest fithess/strength is selected to act deterministically.

4.10 Combat Simulation Starting Conditions

A two-tier approach was employed for defining run conditions and learning system
parameters. First, a baseline matrix of initial positions, relative geometries, and energy
states was identified in conjunction with NASA requirements. The primary source
document for this step was the X-31 Project Pinbal Il Tactical Utility Summary,
which contained results from manned simulation engagements conducted in 1993 at
Ottobrunn, Germany [[16]. Initial findings from the X-31 Tactical Utility Flight Test
conducted at Dryden Flight Research Center were also used to compare with results
from this project. The baseline, starting condition, test matrix, as shown in was
based on X-31 manned simulation and flight test conditions, and was tailored to the
X-31 performance envelope, flight test range constraints, and other testing
considerations.

Note that each of these represents a separate initial condition for a fighter combat
simulation. Each learning run consists of repeated engagements, all starting from the
same one of these conditions.

The first four start conditions (Defensive (DEF), Offensive (OFF), Slow-Speed
Line Abreast (SSLA), and High-Speed Line Abreast (HSLA)) were derived directly
from the Pinball Il project. The fifth start condition, High Speed Head-On Pass
(HSHP), was added to the matrix to provide an additional geometry which would not
exclusively result in a close turning fight. The opponent aircraft was an F/A-18. The
baseline matrix formed a set of core conditions to generate X-31 tactics results for a
balanced cross-section of tactically relevant conditions. The test conditions specified
theinitial geometries, X-31 and opponent speeds, atitudes and ranges.
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Defensive (DEF) Offensve (OFF) High-Speed,
Head on Pass
] ' * b (HSHP)
< »> |
3000 ft. “ 30001t <« 1500t
325k cas/ 20k ft 325k cas/ 20k ft 325k cas/20kft
Slow Speed, High Speed,
Line Abreast Line Abreast * =X-31
(SSLA) (HSLA)
<« 1500 ft.p < 3000ft.p * - F-18
215k cas/20kft 325k cag/ 20k ft

Fig. 2. Basdlinetest matrix of initial conditions for the combat simulations.

5 "One-Sided Learning” Results

Results from the system outlined in Section 4 are extensively documented el sewhere
[BIL0]. However, results are reprinted here for clarification.

In our early efforts , only one of the fighter aircraft employs the genetic learning

system, while the other employs fixed, but reactive, standard combat maneuvers that
are embedded in AASPEM. Simply stated, these fixed maneuvers instruct the
opponent to execute the fastest possible turn to point it's own nose at the LCS-
controlled aircraft, while attempting to match it's altitude.
In this "one-sided learning" configuration, the system has found a variety of novel
fighter aircraft maneuvers that were positively evaluated by actual fighter test pilots.
One maneuever discovered by the LCS is shown in [Fig. 3 Moreover, the system
discovers maneuvers from a variety of well-recognized fighter aircraft strategies [[7].
For instance, the result shown in is a variant of the well-documented "Herbst
maneuver"[[7].

6 “Two-Sided Learning” Results

In more recent work with the fighter combat LCS, we have allowed both opponents to
adapt under the action of the GA . This ongoing effort complicates the fighter
combat problem, and the interpretation of simulation results. These complexities are
best seen from the perspective of extant literature on two player games.
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Fig. 3. A maneuver evolved by the LCS, starting from the HSHP starting position (see|Fig. 2).
The aircraft on the left is following a fixed, but reactive strategy, while the aircraft on the right
is following a strategy evolved by the LCS[B)].

In many ways, the one-versus-one fighter combat scenario is like a continuous
version of the iterated prisoners dilemma (IPD) [[L7[18]. In the IPD, the game takes
place in distinct rounds, in which each player can take one of two actions. cooperate
or defect. If both players cooperate, both players get a moderate reward. If one player
defects while the other cooperates, the former gets a large reward, and the latter gets a
large punishment (negative reward). If both defect, both get an even larger
punishment.

Thisis similar to the situation in the one-versus-one fighter combat scenario. Each
aircraft has a choice of attacking the other (analogous to defecting), or evading the
other (analogous to cooperating). This analogy is useful, since IPD has been studied a
great deal, both with static and adaptive players. However, it is important to note that
the current work may be one of the first explorations of a real-world, continuous time
analog of IPD with two adaptive players.

The IPD literature for co-adaptive players shows us severa interesting behaviors.
Each of these is an artifact of the red queen effect, so-called, because the red queen in
Alice in Wonderland states that in her world you must keep running just to stand still
[19]. In an analogous way, the performance of each player in the two-sided learning
problem isrelative to that of its opponent. In other words, when one player adapts and
the other uses a static strategy (as in our previous work), the performance of the
adaptive player is absolute with respect to its opponent. However, when both players
are adaptive, the performance ceases to have an absolute meaning. Instead, its
meaning is only relative to the state of its current opponent. This is an important effect
that must be considered in the interpretation of our current results.
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Also because of the red queen effect, the dynamic system created by two players
has several possible attractors. These include

Fixed Points Where each player adapts a static strategy, as is willing to cope with
a(possibly inferior) steady state.

Periodic Behavior Where each player cycles through a range of strategies,
sometimes losing and sometimes winning.

Chaotic Behavior: Where each player visits arandom series of strategies, with no
eventual escalation of tactics.

Arms Races Where each player continuously ramps up the sophistication of its
strategies.

The latter is clearly the behavior we want our simulations to encourage. Our
current results have (qualitatively) shown promise in this area (i.e., we have seen an
escalation of strategies between the two aircraft).

A number of approaches to two-sided learning have been considered. In each
approach, a "run" consists of 300 simulated combat engagements. Approaches
employed include:

1. Alternate freeze learning (ALT): In each run one side is learning while the
other is frozen (not altering its rule base). The frozen player uses the population
(rules) obtained from the previous run, in which it was learning. The learning
player starts each new run with a random set of rules. In other words, rules are
learned “from scratch” against the rules learned in the last cycle by the other
player.

2. Alternate freeze learning with memory (MEM): This learning scheme can be
viewed as an extended version of the ALT learning. At the end of each run, the
results of the 300 engagements are scanned to obtain the highest measure of
effectiveness. The rules from the highest scoring engagement are used for the
frozen strategy in the next run. Furthermore, these rules are memorized and are
added to the population in the upcoming learning sequence runs. Thus, the system
has memory of its previously learned behavior.

3. Paralld learning (PAR): Genetic learning goes on continuously for both
players.

Each of the three two-sided algorithms were tested and evaluated on all five Pinball
cases (s 2). In all experiments a population of maneuvers was generated in an
iterative process, beginning with an initial population of random classifiers. The
maneuver population was successively improved using AASPEM air combat
engagements to evaluate the maneuver.

A typical two-sided learning result (and one which indicates a learning "arms
race") is shown ih Fig.]4 a. 5.

shows the "best" maneuver (in terms of the measure of effectiveness
discussed in Section 4.7) discovered for the Red Player. In this maneuver, the Red
Player (which is an F-18) fails to have an advantage for more than the last half of the
engagement due to agile maneuvers performed by the Blue Player (which is an X-31,
a somewhat superior aircraft). The X-31 executes a nose dive maneuver followed by
Herbst-type maneuver allowing it to gain an advantage. Although Red does not gain
advantage, it is interesting to note its evasive behavior in reaction to blue’s maneuver.

is the Blue Player's "best" maneuver (once again, in terms of the measure of
effectiveness), which is evolved after the result showp in Fig. 4. It is likely that
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learning from the Red Player’s evasion resulted in the improved behavior seen
in This illustrates the advantage of two-sided learning. However, note that the
meaning of "best", in terms of a static measure of effectiveness, is not entirely clear in
these simulations, due to the red queen effect. Therefore, further investigation of the
two-sided learning system is needed. However, the two-sided learning system is
already yielding valuable maneuver information, in relationship to the system’s overall
goals.

Fig. 4. A coevolved result, where both aircraft are executing maneuvers that were discovered
by the separate LCSs, starting from the SSLA initia condition (see [Fig. 2), and the ALT
learning strategy. Thisis the "best" maneuver discovered by the Red Player, which is a reaction
to the maneuver learned by the Blue Player [[I0].

Fig. 5. A coevolved result, where both aircraft are executing maneuvers that were discovered
by the separate LCSs, starting from the SSLA initial condition (see [Fig. 2), and the ALT
learning strategy. Thisis the "best" maneuver discovered by the Blue Player, which is a reaction
to the "best" maneuver for the Red Player, which was discovered earlier by the Red Player’s
LCS (whichisshownin [[L9].
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7 This System’s Goal: Machine Innovation

Section 3 shows that many of the goals and techniques of the L CS have been clarified
and formalized through active research in reinforcement learning. However, Sections
4, 5, and 6 show a successful LCS that has much in common with the traditional LCS.
At first glance, this LCS seems to have less of a firm, reinforcement learning based
foundation than many modern LCSs. Therefore, one must ask, why the LCS from
Section 4, which is applied to a very complex problem, has not suffered from the
typical problems of traditional LCSs, discussed in Section 2.

We believe much of the explanation lies in the goal at which the system is directed.
From the outset of the fighter aircraft LCS project, the goal has not been to directly
control fighter aircraft. Instead, the focus has been on the discovery of novel
maneuvers for their own sake. The utility of this goal is revealed when one considers
the complexity of the aircraft combat task [[ZI.

In a general sense, one can understand the aircraft’'s aerodynamic characteristics
before an actual prototype is generated. However, given the complexity of the aircraft
combat task, one cannot map these aerodynamic characteristics directly to
advantageous maneuvers. Therefore, test pilots, and extensive combat trials (mock or
real), are generally needed to discover the innovative maneuvers that will convert raw
aerodynamics into combat success.

Therefore, the goa of or system is simply the discovery of novel maneuvers, not
optimality. Thereis, in general, no such thing as an optimal maneuver, and discovery
of such a maneuver is not the system’s goa. Discovering many successful combat
maneuversin this complex task has quantifiable advantages, including:

» Feedback to aircraft designers with regard to the combat advantages of
various agrodynamic characteristics.

»  Feedback to fighter pilots on the use of various aircraft characteristics.

»  Feedback to customers on the advantages of a given aircraft’s characteristics.

These advantages have real-world value. Moreover, they are advantages that could
transfer to any number of other tasks where the discovery of novel strategies is
difficult, and where new strategies have intrinsic values.

8 Implications of this Goal

In generd, the goal of novelty discovery shifts the perception of what techniques are
advantageous. For instance, the pursuit of Q-values that yield a Bellman optimal
control strategy seems less critical in this setting. While it is true that one wants to
pursue high utility maneuvers, it is not expected, that an "optimal" maneuver can be
found. Moreover, enumerating all possible high-utility maneuvers is probably not
possible. Finding classifier-based generalizations over the entire payoff landscape is
probably not possible as well.

Most importantly, maintaining any consistent control strategy is not of great
importance in this task. The frequent tendency of LCSs to have periodic failures noted
in Section 2 is not a particular concern. Consider a typical result from the fighter

aircraft system, shown in
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Fig. 6. Engagement Score for the LCS aircraft versus Generation Number. In this typical run,
only one aircraft is using the LCS, while the other uses standard combat maneuver logic, asin
the run shown in

This figure shows that the fighter aircraft LCS frequently loses rules and suffers
temporary losses of performance. However, the system moves to improved
performance (and new maneuvers). Thus, it accomplishes the goal of discovery, but
not necessarily the goal of control.

9 TechniquesUsed in this System

Like any LCS, the fighter aircraft LCS involves a complex interplay of elements.
However, the authors believe there are two differences in technique that can be
directly related to the particular goas of this system. The first involves conflict
resolution and credit assignment, and the second involves effectors and action
encoding.

9.1 Epochal Credit Allocation

Note that the system employs an epochal credit assignment scheme. This scheme is
similar to the profit sharing plan [@] athough it is applied in a "Michigan-style” LCS
[B]. The scheme also employs deterministic conflict resolution, selecting the highest
fitness matching classifier at every time step. At first, this may seem very
disconnected from the reinforcement literature. However, it can be related to the
Monte-Carlo reinforcement learning techniques discussed by Sutton and Barto [.
Consider the following notation. Assume the strengths in the aircraft system are
analogous to Q-values, environmental messages are analogous to states s, and action
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messages are analogous to actions a. Given this notation, consider the following
Monte Carlo reinforcement learning method, paraphrased from Sutton and Barto [:

1. For dl statessand al actionsa
a Initiaize Q(s,a) to arbitrary values
b. Initialize Returns(s,a) to an empty list
2. Repest:
a.  Generate a complete engagement, deterministically selecting the maximum
Q(s,a) action for each state s visited.
b.  For each state/action pair s,a that occurred in the engagement
i Append the engagement score to the list Returns(s,a)
ii. Set Q(s,a) to average(Returns(s,a))

Note that deterministic action selection is required in this algorithm. As Sutton and
Barto indicate, this method is expected to converge to an optimal policy, but only if
"exploring starts" for each engagement are employed. That is, each engagement must
start at a randomly selected state, to ensure that the complete state-action space is
explored.

Clearly, the fighter combat LCS does not employ exploring starts to ensure
adequate exploration. However, we surmise that the randomness interjected by the
GA, and the complexity of the fighter aircraft world, are sufficient to provide for
exploration. Also note that returns are not being averaged in the fighter aircraft LCS,
although such averaging is necessary in step above. However, the GA itself
carries out implicit schemata averages over generational time.

Therefore, although the credit allocation scheme used in the fighter combat LCSis
not strictly similar to Bellman optimal reinforcement learning techniques, it does bear
arelationship to these techniques. Note that this is as much as can be said for the Q-
learning based techniques used in other LCSs. The authors are not arguing that the
scheme used in the fighter aircraft LCS is superior to other techniques, smply that the
scheme we have employed is not without foundation for an epocha reinforcement
learning task.

Although the fighter combat L CS scheme is unlikely to have provable convergence
to Bellman optimal values, recall that such convergence is not necessary for the goals
of this problem. What is necessary is good evaluation of classifier schema, so ongoing
exploration of the maneuver space can go on. Our empirical resultsindicate that thisis
the case in the fighter aircraft LCS.

9.2 Action Encoding

A second important aspect of the fighter combat LCS lies in the environmental
effector’s interpretation of classifier actions. In effect, the classifiers only suggest the
actions to the environment, since many actions they may suggest may be
aerodynamically impossible. However, because of the nature of the simulation
environment (The Air-to-Air System Performance Evaluation Model, AASPEM, one
of the standard models of fighter aircraft combat), the smulated aircraft responds with
a "nearest feasible response” (in an aerodynamic sense) to the suggested action. This
is an artifact of the AASPEM simulation environment that we have exploited in our
system.
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This means that a single, generalized classifier can have a variety of effects in
different contexts. For instance, consider a generalized classifier (i.e., one that
contains #s in its condition) that suggests the action: Relative Bank Angle = 45
degrees, Angle of Attack = 20 degrees, and Speed = 350 knots. This rule can have a
variety of effects, depending on the (generalized) condition in which it is activated. If
the aircraft was at a speed much lower than 350 knots, the rule is likely to result in a
fast, but incremental, change towards 350 knots. If the aircraft was at a speed nearer
to 350 knots, the rule may result in exactly the suggested value being achieved. The
same holds for the other suggested action values. Moreover, the aerodynamic
coupling between what values can be achieved is automatically handled by the
simulation.

The authors believe this has several effects:

» It builds on the linguistic character of the classifier conditions, by giving the
actions appropriate linguistic character (i.e., suggesting things like "speed up and
bank steeply"”).

» It "smoothes" the effect of a classifier becoming less or more general due to the
action of the GA, since the meaning of an action in a generalized context is likely
to be similar to that in a subsumed, more specific context.

» It "smoothes' the effect of rule deletion, since one rule is likely to have a
persistent effect, even if the context of the rule set in which it exists changes.

We believe this helps the system avoid the "rise and crash” behavior often observed in
traditional LCSs. Moreover, it helps to continue discovery of new maneuvers after
rule deletions, which is consistent with the goals discussed in the previous section.

10 Observations and Suggestions for Future LCS Efforts

There are at least three features of the current fighter aircraft LCS that deserve
consideration in the design of other LCSs.

One should consider the fighter aircraft LCS credit alocation scheme. Given the
efficacy and popularity of Q-learning and related algorithms (e.g., SARSA, which is
essentialy the implicit bucket brigade), it is easy to overlook that there are well-
founded techniques that do not follow their form. In particular, the Monte-Carlo RL
methods are just as firmly related to reinforcement learning theory. In fact, Sutton and
Barto [ indicate that such methods may be more appropriate than Q-learning and
related methods, when one faces a non-Markovian task.

However, such methods are only appropriate for tasks with clearly defined
episodes. The fighter aircraft task is clearly episodic, since an engagement takes place
in a pre-defined time window. When one directs an LCS at an episodic task, epochal
credit assignment schemes, like that used in the fighter aircraft LCS, may be of higher
utility than methods based on Q-learning, SARSA, or the bucket brigade.

Like the Q-learning based methods used in LCSs, epochal schemes can only
approximate the associated reinforcement learning techniques, since such techniques
are typically based on table lookup. Given that the focus of the LCS is on finding
generalized rules, associated reinforcement learning techniques, be they epocha or
not, must be adapted to evolving, generalized rule sets. XCS seems to have found



The Fighter Aircraft LCS: A Case of Different LCS Goals and Techniques 299

an appropriate adaptation of Q-learning for an LCS. Finding an appropriate adaptation
of well founded, epochal reinforcement learning schemes to LCS use is an area
worthy of future research.

One should also consider the "smoothed" interpretation of actions in the fighter
combat LCS. The authors strongly suspect that this is a reason for the LCSs success
on this task. Many of the action representations used in LCS research are "brittle".
That is, rule deletion, and other forms of classifier set disruption, can easily cause
less-than-graceful failure. In the fighter aircraft task, the actions of rules are implicitly
interpreted in a linguistic, aerodynamically appropriate manner. This makes each
classifier less sensitive to changes in the composition of the classifier set, which are
likely to occur, given the action of the GA.

Finally, one should consider the goal of the LCS approach in the fighter aircraft
LCS. Since there is a real, quantifiable value to the discovery of innovative, high
utility fighter combat maneuvers, one can concentrate on the exploration and
synthesis aspects of the LCS, without particular consider for the long term stability of
any given rule set. While it is true that some stability is necessary for appropriate rule
evaluation, and subsequent improvement of rule sets, occasional rule loss can be
tolerated in this task.

Reinforcement learning control (that is, obtaining optimal strategies in
reinforcement learning problems) is certainly a well-quantified goal, for which the
LCS approach is useful. However, one should not overlook the utility of the LCS
approach for generating novel, innovated approaches to problems. In many domains
(like the fighter aircraft task), such open-ended discovery can have areal world, hard
cash value. The applicability of the LCS approach to such tasks deserves further
consideration.
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Abstract. Two applications of Anticipatory Classifier Systems (ACS) in
robotics are discussed. The first one is a smulation of an experiment about
latent learning in rats with a mobile robot. It shows that an ACS is able to learn
latently, i.e. in the absence of environmental reward and that ACS can do action
planning. The second one is about learning of the hand-eye coordination of a
robot arm in conjunction with a camera. Goal-directed learning will be
introduced. This combination of action planning and latent learning leads to a
substantial reduction of the number of trials which are required to learn a
complete model of a prototypical environment.

1 Introduction

In [10,this volume, pp. 189-208] ACS were applied to simple "woods" environments
to show how they work and in which kind of environments they can be applied. In
this chapter ACS will be used to control robots.

Firstly, an experiment of latent learning in rats is simulated with a mobile robot. In
the field of learning classifier systems this experiment was first simulated by Riolo [6]
with CFSC2. This simulation is not comparable with the robot-simulation described
here, because here the internal representation of the environment is much more
complicated for arobot-simulation (e.g. the robot has to deal with aiasing states).

Secondly, an experiment about learning the hand-eye coordination of a robot arm
in conjunction with a camera is replicated with an ACS. This experiment was first
done by Birk [1]. He used alearning algorithm called " Stimulus Response Learning".

For the simulation of the first experiment it is necessary to enable ACS to do
action planning. In the second experiment the performance of an ACS can be
improved, if goal-directed learning is used. Both agorithms action planning and
goal-directed learning are introduced.

In this paper the same notations are used asin [10,this volume, pp. 175-194]

2 An Experiment about Latent L earning

Latent learning is defined as learning in the absence of environmental reward, i.e.
p(t) =0 for al time steps t. Therefore latent learning cannot be simulated with usual

reinforcement learning techniques. In this section an experiment about latent learning

P.L. Lanzi, W. Stolzmann, and S.W. Wilson (Eds.): LCS ‘99, LNAI 1813, pp.301280D.
© Springer-Verlag Berlin Heidelberg 2000
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in rats is introduced, that was developed by Seward [7]. This experiment is ssmulated
with a Khepera robot that learns by using an ACS. For this simulation the ACS must
be able to learn latently and to do action planning. As shown in [10, this volume, pp.
175-194], an ACSisableto learn an internal model of its environment without getting
environmental reward, i.e. it can learn latently. How action planning can be done in
an ACSisshownin section 2.3.

2.1 An Experiment about Latent Learning in Rats

Seward [7] developed an experiment about latent learning in rats. He used asimple T-
maze with two distinguishable goal boxes F and E shown in figure 1.

2 1 3
E

S

Fig. 1. A simple T-maze

During an exploration phase a rat was put into the T-maze and explored it without
getting any reward. After that the rat was not fed for 24 hours. Then it was placed in
one of the goal boxes and received food for one minute. Finally, the rat was placed in
the box 'S. 28 of 32 tested rats demonstrated latent learning by going to the good-goal
box. A similar experiment was done by Croake [3]. During a control experiment
without an exploration phase only about 50% of the rats go to the good-goal box. This
experiment proves that the rats learned latently during the exploration phase, because
there was no environmental reward.

2.2 A Khepera Robot

A Khepera robot is a mini mobile robot (5 cm diameter) distributed by K-Team S.A
(http: /. k-team.com). Its features are 2 independent DC motors with encoders and
8 infra-red sensors (emitter/receiver) (cf. figure 2). The motor speeds range from -20
to +20, The infra-red reflection values range from 0 to 1023 and the infra-red ambient
values range from 0 to 511.

Fig. 2. A Kheperarobot
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This robot will be used to simulate Seward’s experiment about latent learning in rats.
The goal boxes of the T-maze must be distinguishable for the robot. This can be done
with an infrared light in the goal-box F. The infrared light enables the robot to
distinguish the light goal-box F from the dark goal-box E.

The Kheperarobot will learn by using an ACS. So it is necessary to define an input
interfface and an output interface that enables the ACS to interact with the
environment. It is possible to define the following 5 detectors and 3 simple actions for
an ACS by using the 8 sensors and 2 motors of a Khepera-robot:

_ [0,if thereisnothing in front of therobot
L= H,if thereisawall in front of therobot
d, as d,, but on the left of the robat,
d; as d,, but behind the robot,
d, as d;, but on theright of the robot,
_ [0, if thereisnolight near to the robot
> %, if thereisaligth near to therobot

I, to make a 90 degree l€eft turn,
r, to make a 90 degree right turn,

f, to go forward until awall or a choice-point is reached.

These detectors and simple actions are very robust. In all simulations a robot never
got stuck in acorner of the T-maze.

Figure 3 shows the ACS's internal representation of the T-maze. This internal
representation contains four important aliasing states: 2y =3¢, 2y =3y, 25 =3y
and 2 =3g.

A simulation of Seward's experiment with a real Khepera robot would take a very
long time. Therefore areal robot was only used for about 100 behavioral acts to show
that the input interface and the output interface works. For the learning experiment we
used a simulated robot.

Position in the maze
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Fig. 3. The ACS's representation of the T-maze (N=North, W=West, S=South, E=East)
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2.3 Action Planningin ACS

An ACS can use its internal model, i.e. its reliable classifiers for action planning.
When doing action planning the expectation part E of a reliable classifier is used to

calculate an anticipation of the next environmental state S} . It is assumed that S
is equal to the next state S,; and so it is possible to calculate all new satisfied

reliable classifiers. For each new satisfied reliable classifier this can be done again.
The same process can take place backwards, too. That is how a bi-directiona search
is used to generate an optimal sequence of classifiers (at least the system "believes' it
is optimal) with action parts that lead from the actual state to a desired goal state.
Action planning is done without any interactions with the environment.

Let us assume that we have a reliable classifier for each possible behavior in each
state shown in figure 3, i.e. an internal model of the T-maze. (This assumption is
wrong because some of the states are aliasing states, but nevertheless we make this
assumption to explain action planning in ACS.) And let us assume that the current
state is §, and that the goal state is F.. Now three algorithms are described that can be
used to find a sequence of classifiers in the internal model that enables the ACS to
reach the goal.

It's possible to use the forwards-directed breadth-first search to find such a
sequence;

1 Let ¢ =C -A-FE for i=1...,k be al reliable classifiers with: S, matches
C .

2. Calculate S?™,..., 2™ with S = passthrough(SN,Cf‘“‘).

3. 1If FSD{Sf”t,...,Sf”t}, then stop the calculation, else repeat 1. and 2. for
s, S instead of S,,.

4. Repeat this recursively until F,isfound or a maximum number of repeats s, is
reached. s, is called maximum number of steps during action planning.

If F, is found, then execute all action-parts of the classifiers of the sequence. This

execution of all action-parts can be regarded as goal-directed behavior. Thisis similar

to lookahead planning for classifier systems that was introduced by Riolo (1991).
Itisalso possible to use the backwards-directed breadth-first search to find a path:

1 Let g=C —-A-E for i=1...,k bedl reliable classifiers with: F, matches
E .

2. Caculate S*,..., S with §*" = passthrough(Fs,C; ).
(Note: passthrough(Fs, E; ) would be wrong here!)

3. If Sy D{Sla“t,.‘.,S(a”t}, then stop the calculation, else repeat 1. and 2. for
S, instead of F..

4. Repest thisrecursively until Sjisfound or s, isreached.

If S,isfound, then execute all action-parts of the classifiers of the sequence starting
with the last classifier.
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A third possibility is to combine both algorithms and use bi-directional search.

All of these three algorithms have the problem of cycles. For example, in S aleft
turnl leadsto S, and in §, aright turn r leads back to S, Cycles can be avoided if
only messages S*" are considered for the breadth-first search that have not been

calculated before.
Note: It is absolutely necessary to use a small value for s, because of the

exponential memory requirements of the search-algorithms.
Figure 4 shows an example for action planning:

1N__1) 1, w S

Fig. 4. Anillustration of a bi-directiona search whilethe ACSisdoing" action planning

Therobot is located in the position S, Its goal is to reach the left goal box F.. If the
forwards-directed search and the backwards-directed search reach a common state,
here 2,,, then the action planning is successful and the ACS knows the actions that are
necessary to reach the goal, here flflf.

2.4 Results

Two series of simulations were done, pure simulations and Webots-simulations.
Webotsis a open mobile robots simulator (http://www.cyberbotics.com). In contrast to
a pure simulation the Webots-simulation has noisy detectors and effectors. Figure 5

shows two examples for behavioral and perceptual errors that happen during a
Webots-simulation.

()

Fig. 5. Errors during a Webots-simulation

In the left example the robot has done severa left and right turns without going
forward in the mean time. So its orientation is south-east instead of east. If the robot
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wants to go forward now it does not work. In the right example the robot is very near
to the lower wall and does not detect the upper wall, i.e. the robot believes that there
isno wall to its left-hand side.

One simulation consists of 100 runs. One run is organized as follows: The robot is
controlled by an ACS that uses specification of unchanging components, action
chunking to avoid aliasing states and action planning. The ACS starts without any
knowledge and executes 100.000 behaviora acts. After each 10.000 behavioral acts
the execution is interrupted and the bi-directional search checks whether the internal
model (reliable classifiers) contains a path with a minimum number of behaviors from
1, to Fg (or Eg). If the bi-directional search finds such a path, then we assume that

the T-maze is learned.

The following parameters were used for the ACS: p(t) =0 for al t, b, =0.05,
b, =0.0, p,=00, 6, =095, 8 =02, Upy =2, &px =3, Syax =5

p, =0.0 meansthat only roulette-wheel selection is used to select a classifier.

In Figures 6 and 7 the abscissa contains the number of behavioral acts and the
ordinate the number of robots that learned the T-maze. Figure 6 shows the results of a
series of 10 pure simulations and 1 Webots-simulation with food in F, i.e. a path from
1, to Fg hasto belearned. The result of the Webots-simulation is not different from
the other results. This shows that an ACS is able to deal with low behavioral and

perceptua errors. In [2] ACS in non-deterministic environments, e.g. in environments
with noise in the actions, are discussed in further detail.

100

N
o

N
o

No. of Robots that learned the Maze

o

10 20 30 40 50 60 70 80 90 100
No. of Behavioral Acts during Exploration (x1000)

‘ Simulation —— Mean value of the Simulations ﬂ—Webots-SimuIation‘

Fig. 6. Results of the simulations with food in F

In addition to the series of simulations with food in F we have done a series of 10
pure simulations with food in E, i.e. a path from 1, to Eg has to be learned, to

analyze whether there is a different learning rate in both series. Figure 7 shows the
results.
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Fig. 7. Results of the simulations with food in E

A comparison of figures 6 and 7 proves that the results of the ssimulations do not
depend on the goal during the post-eating trial because the mean values for 10
simulations with food in F and the mean values for 10 simulations with food in E are
equal. A priori thisis not clear because the light goal-box F is distinguishable from
the position S but the dark goal-box E is not distinguishable from the position S. In
other words the robot’s perception of E is an aiasing state but the perception of F is
not. This important difference between F and E does not have any consequences for
the results of the simulation.

The performance can be improved, if also random selection is used to select a
classifier. Figures 8 and 9 show the results for p, =0.5. All other parameters are the

same as above.

No. of Robots that learnd the Maze
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20
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\ ~-simulation p_x=0.5 —=—mean p_x=0.5 — —mean p_x=0.0\

Fig. 8. Results of thesimulationsfor p, =0.5 withfood in F
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Fig. 9. Results of thesimulationsfor p, = 0.5 with food in E

A comparison of figures 8 and 9 shows that this time there is a difference between
the simulations with food in F and the simulations with food in E. The performancein
figure 8 is better than in figure 9.

An objection to this simulation of Seward's experiment could be that the task looks
very simple and the ACS needs about 10.000 behavioral acts to reach 90% in figure 8.
The task looks simple but it is not. The experiment was replicated with students. The
states were presented as shown in figure 3 and the students were told to press three
different keys to explore this finite state world for 15 minutes. After that only two of
11 students knew how to reach one of the goal-boxes.

3 An Experiment about the Hand-Eye Coor dination of a Robot

This section focuses on the integration of action planning and latent learning in ACS,
called goal-directed learning. It is merging the planning possibility with the latent
learning processin ACS, building an action planning phase that will aternate with the
normal exploration phase. The experiment discussed in section 2 is unsuited to
discuss an integration of action planning and latent learning because first the
environment is explored and then, after learning finished, action planning is used to
reach a goal state. In this section an experiment about learning the hand-eye
coordination of a robot in conjunction with a camera is discussed. This experiment
was introduced by Birk [1]. A camera is monitoring a matrix representing a planar
surface with arobot-arm on it. The robot is able to simply move in the four directions
of the planar surface, grip a block, transport it to a different position and release it
again. It hasto learn the effects of its possible motor actions.

This scenario is especially useful to show the positive effects of goal-directed
learning, because the different states do not occur with the same probability. Only on
the position where the block is situated gripping will be successful, so that the system
normally will move around the field without the block most of the time. Latent
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learning of how to grip the block and to move it to a different position seems to be
impossible. Besides, it will be possible to compare the positive effects of goal-
directed learning in ACS to those Birk made in his work. Birk tested this experiment
also on areal robot arm in combination with areal camera, which shows the possible
application in redlity.

First of all, the experiment is described. After that the method of goal-directed
learning isintroduced. Finaly, the experimental results are presented and discussed.

3.1 TheExperiment

3.1.1 TheCoding

The camera (the eye) is vertically watching a black planar surface. The picture is
diverted in a nxn-matrix. Over this surface, the robot-arm with a red gripper is
installed. 1t can move in the four directions North, South, East and West over the
plane. Besides there is a blue block that can be gripped by the robot-arm and be
moved around the planar surface. The robot-arm has got a feeling sensor that switches
from 0 to 1 when it feels a block under it. That is why the possible environmental

states can be coded in {black, red, blug™ x{01}. The possible motor actions are

N = North, S= South, E = East, W = West, G = Grip and R = Release. As mentioned,
Birk implemented this experiment also on areal robot. Therefore the coding was not
changed. Figure 10 shows the robot and its environment for n = 5.

& = sensor detects red
@ = sensor detects blue
O = sensor detects black

blue
block

feel = 0 (feeling-sensor detects no contact)
feel = 1 (feeling-sensor detects contact)

Fig. 10. : The Robot and its Environment (cf. Birk [1, p. 35])

3.1.2 The Size of the Knowledge

Asin al Classifier Systems the knowledge is represented by its classifiers. The ACS
has to generate in each position a classifier that moves in each direction with or
without the block, onto the block or off the block. Furthermore, it needs a classifier
that is able to grip and to release the block in each position (in case the block is under
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it). Table 1 shows the necessary raw classifiers for a 2x2 matrix for each of this
possibilities, if specification of unchanging componentsis not used..

Table 1. Sorted representation of the classifier list that consists of the knowledge generated
without further specialization for n=2 (r: red; b: blue; s: black; N: north; S: south; W: west;

E: east; G: grip; R: release)

move
moveontothe | - moveoff the without transport the | grip theblock | releasethe
block block contact to block block
the block
(DHHON (L) | (SHHLN,(HDHO) | (SHHEN 1) | (SHOMEN DHSH) | (HHHL,G,0HH0) | (DHHHO,R L)
(HomON #rtisl) | (HstrlNH#r#00) | (Hotrit N resh) | (#sHomNsb#sH) | (Hril G HbHHO) | (HDHHO R #ritl)
(rH0H0,SSHr#]) | (rHSHLSb#H0) | (st Sshrit) | (busH#SsHomt) | (#Hr#1,G#bHO) | (HHDHO R #r#l)
(Hr#00,Spstrl) | (#risl,SHbH0) | (Hrist,SHsH) | (HotstS#HsHOH) | (Wl GaHb0) | (##00,R ##r1)
(britO W rstl) | (Sr#L,W,rbH0) | (srést W, rstt) | (st W bsttit)
(HHOTOW ttrsl) | (tsrl,W,srb0) | (ttsrat,\W strst) | (#tsbtW #bst)
(o0, Esttl) | (L ED##0) | (SHHE s | (st E sot)
(b0 Efsrl) | (wrsL,E#r0) | (wrstEsrt) | (#bst E tisbt)

Therefore the size of the knowledge is n? each for gripping and releasing,

4(n - 2)2 + 3E4(n - 2) +2[@=4n%-4n for transporting the block, moving without
contact to the block, moving off the block and moving onto the block. Because of the
passthrough signs in ACS moving without contact to the block is independent from
the actual position of the block and therefore has got the same size as moving off the
block, moving onto the block or transporting the block. All in al that is

4(4n? - 4n) +2n?=18n% -16n. Table 2 shows the size of the necessary knowledge
forn=2to 7.

Table 2. The number of different classifiers necessary for a complete knowledge

n=2 n=3 n=4 n=5 n=6 n=7
40 114 224 370 552 770

3.1.3 More Specific Knowledge

Considering the classifiers for transporting the block, one can realize that each of
these classifiers can also match in a state where the arm and the block have no contact
as each #-sign could either match with an’s for black or with an 'r’ for the robot arm.
The same problem arises when looking at the classifiers for releasing the block. These
classifiers have to be specialized by using specification of unchanging components to
make sure that they are only applicable in the correct state.

Taking e.g. the first classifier for transportation in table 1. st#bo## N b#sH#, meaning
that when transporting the block one step northwards the third component becomes
black (s) and the first component becomes blue (b). It is applicable in the states sshs0,
srbsO and ssbrO but only successful in sshsO, as in the other two states the robot isin a
different position without the block. Once generated it will also be applied in the other
states and will be marked there. Let us assume that the classifier has got a mark in
state srbsO. Now it is applied again in the successful state ssbsO and realizes that it has
got the mark srbsO. That is why it will generate a new classifier that will explicitly
carry an’s (instead of the '#) in the second component to differentiate itself from the
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other state: ssb## N bssi##. After setting another mark in ssbrO and again being
applied successfully the classifier will be ssbs# N bsss# and will only match the
correct state from now on.

The classifiers for releasing the block have to be specialized in the same manner,
as they can aso be applied in states where the gripper is in a different position than
the block. Furthermore, the classifiers for moving without contact to the block have to
be specialized, too, i.e. in the last (the feeler) component, to make sure not to be over
the block. Let's consider e.g. the first classifier for moving without contact to the
block in table 1: s#r## N r#si#. It is applicable in the states sbrs0, ssrb0, ssrsl, but
only correct in sbrs0 and ssrb0. So eventually it will be marked by ssrsl. Let'ssay itis
successfully applied in sbrsO again. Now it is possible to specialize the second or the
last component. While the generated classifier that is specified in the second
component matches from now on only in sbrs0, the generated classifier that is
specified in the last component matches in both correct states and therefore is more
useful than the other. Currently this is an unsolved problem in ACS. Despite this,
eventually the classifier list will contain the classifiers shown in table3, which
represent a complete and unique knowledge of the environment.

Table 3. Sorted representation of the classifier list that consists of the complete and unique
knowledge (after specification of unchanging components) for n=2 (r: red; b: blue; s: black;
N: north; S: south; W: west; E: east; G: grip; R: release)

move without
moveontothe | moveoffthe | conacttothe | transportthe | grip theblock releasethe
block block block block block

(bHHON MHs#L) | (SH#LN,#0H0) | (SHr#ON,r#s#0) | (ssbs#N,bssst) | (r##1,Gb###0) | (bsssOR,rsssl)
(HOHON #r#sl) | (HstrLN##b0) | (HsHrON#r#s0) | (sssb#N,sbss) | (#r#1,GHo#H0) | (sbssOR,srssl)
(r#b#O,S;str#l) | (r#SHLSOHHO) | (r#s#0,Sstr#0) | (bsss#SssbsH) | (##r#l,G##b#0) | (ssbsO,R,ssrsl)
(#r#00,S #str1) (Hr#s],SHOHO) | (#r#s0,S#sir0) | (sbsst,Ssssb#) | (##r1,G##00) | (sssbO,R,sssr1)
(brt#O,W,rs##1) | (SHH#LW IDH#H0) | (sr##0,W rs##0) | (sbsst,W bsssH)

(#HOOW ##irsl) | (HHsrLW,##rb0) | (##srOW ##rs0) | (sssb#,W ,ssbst)

(ToH#H#O,E,sr#tl) | (ISHHLEbr#0) | (rst#OE sr###0) | (bssst,E,sbsst)

(#DOE#isr]) | (##rSLEA##DIO) | (4rsOE ##sr0) | (sSbst,E,sssb#)

3.1.4 Testing the Knowledge

For monitoring purpose of the evolved knowledge a testing method of the currently
achieved knowledge is necessary. The testing method is taking al the reliable
classifiers and checks if they are capable to solve al the tasks mentioned in 3.1.2.
Although it should be irrelevant where the block is situated in the skill moving
without contact to the block all block positions are tested for making sure, that all
correct and unique classifiers are formed (see problem in 3.1.3). Meaning that once
achieved a 100% test result al possible goals will be reached successfully and even in

an optimal number of steps. Therefore the size of the tested knowledge is 2n? for
gripping and releasing, n?(4n? -4n) for all possible movements without the block

considering all possible block positions and 4n? —4n for all possible movements
with the block resulting in 2n? + (4n? —4n) [{n? +1) .

Note the difference between the growth of the different action tests. While the
complexity of the actions for the possible movements without the block is CO(n*),
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the complexity of the other, actual more difficult actions is O(n?) . Table 4 shows
the growth of the sizes.

Table 4. The size of al tested actions and in comparison the size of the possible actions with
the block

n No. of all tested No. of actions
actions with the block

2 48 16 (32%)

3 258 42 (16%)

4 848 80 (9.4%)

5 2130 130 (6.1%)

6 4512 192 (4.3%)

7 8498 266 (3.1%)

3.2 Goal-Directed Learning

In the introduced environment the probabilities of the occurrences of each state are
not equal. Transporting the block is only possible if the system tried to grip the block
while over the block. Thiswill occur quite seldom as the latent learning process is not
rewarded anywhere and gripping in any other position than the block position will
result in weakening the quality q of the grip-classifier. Transporting needs a
successful grip before it can be executed so that it is still more unlikely. Asit will be
shown goal-directed learning is a possibility to decrease this effect.

3.2.1 TheExploration Phase and the Action Planning Phase

Action planning is done without any interactions with the environment (cf. section
2.3). This paper will not focus on the question which goal state is desirable but the
goals will simply be generated externally by a so called goal-generator, that is part of
the environment and not part of the ACSitself.

In the action planning phase an ACS requests a goal from the goal-generator. It
tries to find the shortest possible path from the actual state to the goal by using the bi-
directional search mechanism mentioned in 2.3. If it finds such a path, then it executes
the classifiers of the path like in the exploration phase. If the execution was
successful, then the ACS requests a new goal from the goa-generator. If the
execution of any found sequence failed or if the search mechanism did not find a
sequence at al, then the ACS leaves the action planning phase and reenters the
normal exploration phase. During the exploration phase the ACS explores its
environment, as described in Stolzmann [10,this volume, pp. 175-194]. Every 50
steps the action planning phase is taking place.

3.2.2 TheApplication of Goal-Directed Learning in the Experiment
The goal-generator generates continuously the following goals:

1. Moveto arandomly selected place, where the block is not situated.
2. Moveto the block
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3. Grip the block.
4. Release the block at a different randomly selected position.

The goal-generator and the switching between the action planning phase and the
exploration phase is analogous to Birk (cf. [1, p. 61ff]).

Let's consider an example in which the ACS has aready learned the complete
world model (see table 3). Let's e.g. assume the following constellation of a 2x2
matrix: shsrO, meaning the block is situated Northeast and the robot hand Southeast.
Now the action planning phase starts. The goal generator in phase one creates e.g. the
goal sbrs0. The search mechanism will find a sequence that consists of only one
classifier: ##sr0 W ##rs0. After the execution of this classifier the environmental state
will be sbrs0 and the ACS requests a new goal. The goal generator, now in phase two,
will generate the goal srssl. The search mechanism generates the sequence: ##sr0 E
##rs0, #o#r0 N #r#sl or str#0 N r#sHO, rb##0 E sr##l and executes it. In phase three
the goal is shssO and the sequence #r##1 G #b##0 is generated. After the execution
the environmental state is sbssO and the goa generator enters phase four and
generates e.g. rsssl, that leads the ACS to the sequence shss# W bsss#, bsssO R rsssi.
After the execution of these two classifiers the goal generator again enters phase one
and the process starts from the beginning.

If the world model is not learned completely, then on the one hand a sequence
might be longer than the optima path and on the other hand the action planning
process might fail. In this case the ACS reenters the expl oration phase.

3.2.3 Advantage of Goal-Directed Learning

Due to the permanent request of the goal-generator during phase 2, to move to the
block and to grip it during phase 3, the system will be much more often in a position
over the block and so experiences the results of gripping much more often. That is
how the unequal distribution of probabilities between the different states shown in
table 4 is partly neutralized. For there is a quadratic growth of the number of fields
but the number of blocks stays the same (only one block) this advantage should
increase with the size of the matrix.

3.3 Results

This section shows on the one hand the positive effect of adding goal-directed
learning to ACS and on the other hand the overall performance of ACS in this
simulation.

3.3.1 Comparing ACSin Conjunction with and Without Goal-Directed L earning
Figure 11 shows the mean results of 100 simulations of the nxnmatrix for n=2 and
n=3 without and with goal-directed learning. The positive effect of goal-directed
|earning becomes obvious.
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Fig. 11. Results of the simulation with n=2, 3 without and with goal -directed learning

Table 5 shows the same results in numeric form and the mean results of 40
simulations for n=4 without and with goal-directed learning.

Table 5. Average results for n=2-4 with and without goal-directed learning

2x2 2x2 3x3 3x3 4x4 4x4
nog. |withg.| nog. |withg.| nog. |withg.
>75% | 7200 | 4400 | 27200 | 15000 | 14500 | 16000
>80% | 8000 | 4800 | 36400 | 19400 | 37500 | 24000
>85% | 9000 | 5200 | 48200 | 24000 | 97500 | 49000
>90% | 10400| 6000 | 62400 | 30800 | 187500 | 75000
>95% | 11800 | 6800 | 82000 | 40800 | 320500 | 119000
>99% | 15000 | 8200 | 114800 | 61800 | >600000 | 301000

Obviously the ACS with goal-directed learning needs about half the behavioral steps
of the one without goal-directed learning. The effect is still increasing for increasing
numbers of n. This confirms the reflectionsin section 3.2.3.

The result that 75% of the 4x4 matrix are learned faster than 75% of the 3x3 matrix
is an effect of the measurement of the knowledge. As explained in 3.1.4 the

complexity of the possible movements without the block is O(n*) while the one with

the block is O(n?) . During the exploration phase the movements without the block

are taking place most of the time so that most of the corresponding classifiers are
learned very quickly. For n=4 thisis 90.6% of the world model and for n=3 only 84%.
The same effect explains the dightly better performance of ACS without goal-
directed learning than the performance of ACS with goal-directed learning for the
4dx4-matrix in the 75% results because an ACS without goal-directed learning is
awaysin the exploration phase.

Figures 12 and 13 show the results of 100 simulations each of a 3x3 matrix without
and with goal-directed learning in detail revealing the differences between the single
experiments and again the positive effect of goal-directed learning.
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Fig. 12. 100 single experiments in a 3x3 matrix with goal-directed learning
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Fig. 13. 100 single experiments in a 3x3 matrix without goal-directed learning

3.3.2 More Results with Action Planning

As shown in 3.3.1 the performance of ACS in conjunction with goal-directed learning
is much better than without goal-directed learning. Therefore some more results for
nxn-matrixes with goal-directed learning are calculated. Table 6 shows the average

performance for n=4 (for reference purposes), 5 and 6 with 10 experiments each and
for n=7 one example experiment is given.
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Table 6. Theresultsfor n= 4 to 7 in the learning constellation with goal-directed learning

n=4 n=5 n=6 n=7
>75% 16000 16000 18000 18000
>80% 24000 23000 22000 24000
>85% 49000 42000 44000 30000
>90% 75000 99500 86000 54000
>92% 89000 141500 154000 80000
>94% 107500 194500 236000 158000
>96% 139000 276500 412000 428000
>98% 195500 479500 710000 | 1188000
>99% 261500 727500 | 1115000 | 1938000

3.4 Comparison with Birk’s SRL

Birk [1] developed a learning agorithm called " Stimulus Response Learning”" (SRL)
to solve the presented experiment. In asituation S, the last behavior R and its starting

situation S; are used to build a totally specialized rule S, —R-S,. Such rules are
generalized by using genetic algorithms. An ACS learns similar rules but it does not
need genetic algorithms.

Analogous to Birk we were able to show the positive effect of goal-directed
learning, although his experimental results seem to prove an even greater effect.

But first of al Birk only refers to the time his computer needed for the different
tasks, so that a direct comparison is not possible. Moreover, his system is not creating
simple rules but a graph whose edges are not trying to generate common results but
indeed monitoring the effects completely. Last but not least the knowledge about the
environment is not complete asin ACS. The junctions in SRL are too common. That
iswhy a gripping action is possible to take place where no block is under the robot-
arm.

In the current system the possibilities of planning are restricted (...) the system is
normally not able to generate a successful plan for gripping a block [1, p. 71], own
translation).

These restrictions are not given in ACS. Once the system has generated a complete
world model it is not anymore limited and al possible tasks will be performed
correctly.

4 Conclusions

This chapter showed that ACS can be used for learning robots. The performance of an
ACS was examined when being applied to a mobile Khepera robot and a robot
gripper that works in conjunction with a camera. Furthermore, ACS's ability of doing
action planning was introduced and successfully applied.

Section 2 introduced an extended simulation of Seward's experiment about latent
learning in rats. The experiment was firstly simulated by Riolo [6]. Stolzmann [8,9]
discussed afirst simulation with ACS. A comparison with Riolo’s CFSC2 is given by
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Stolzmann [9]. The here introduced extension shows that Seward’s experiment can be
replicated with a mobile robot (in this case a Khepera robot) that learns by using
ACS. Furthermore, in contrast to the earlier smulations, the ACS that controlled the
mobile robot had to handle aliasing states.

In Section 3 the ability of an ACS to generate plans was shown. The experiment of
a hand-eye coordination task simulated with a robot gripper and a camera proved that
an ACS is able to take advantage out of generating plans to given goals, even while
learning. It is able to learn much faster in environments where the probability of
entering each state is not equal.

Although the goa generating process was part of the environment in this
simulation, integrating the goal generator into the ACS should be possible. A
possibility would be to add a temporary memory to the ACS out of which it could
select states, that were e.g. experienced quite long ago. This approach can even be
psychologically confirmed. In contrary to the known "joy of satisfaction”, which
could be compared to the normal latent learning in an ACS, a so caled "joy of
function” is observable especially in young children, when they are enjoying doing
something over and over again [4]. Future research will show if such a self-goal-
generating process can be successfully applied in the ACS.

Finally, it was shown that the marking mechanism does not always revea the
definite position for doing specification of unchanging components. In [2] this
problem is discussed in further detail. To be able to generate always most general
classifiersin an ACS thisissue deserves future research, as well.
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Abstract. We present a bibliography of all works we could find on
Learning Classifier Systems (LCS) — the genetics-based machine lear-
ning systems introduced by John Holland. With over 400 entries, this is
at present the largest bibliography on classifier systems in existence. We
include a list of LCS resources on the world wide web.

Introduction

Learning classifier systems (LCS) have a long and rich history. We hope this
bibliography will both illustrate this point and prove a useful resource for rese-
archers. Although the first classifier system, CS-1, was reported in 1978 [235],
the development of LCS was foreshadowed by some of Holland’s earlier work
[220/221]222] dating back as far as 1971. In the early 80’s much progress was in
the form of PhD theses [388/37[192l352[170] (but also see [427/428]), following
which LCS papers began to appear steadily in conferences. Later landmarks in-
clude the publication of books by Holland in 1986 [233] and Goldberg in 1989
[195], and the first and second international workshops on LCS, in 1992 and 1999
respectively.

As the bibliography shows, LCS papers appear in a wide range of conferences
and journals. LCS resources on the world wide web include:

The LCS Web http://www.csm.uwe.ac.uk/ ambarry /LCSWEB/

GA-list A mailing list about Genetic Algorithms. To subscribe mail:
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GA-list archive http://www.aic.nrl.navy.mil/galist

comp.ai.genetic A USENET news group, which provides a useful list of Fre-
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ENCORE (Evolutionary Computation Repository Network)
http://www.cs.bham.ac.uk/Mirrors/ftp.de.uu.net/EC/clife/
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