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CHAPTER 1
Introduction

This thesis describes about Genetics-based Adaptive Problem Solvers.
To realize more flexible and intelligent engineering systems, it is expected that
a lot of difficult problems would be autonomously solved. However, the
problem solving of many practical subjects is known as hard works. Until today,
the Problem Solving has been treated as the one of most important subjects by
many researchers in artificial intelligence research field. The problem solving
behavior of human has also been tried to clarify in cognitive science research
domain. Those facts mean that there are many complex problems should be
automatically solved by the machine intelligence in several practical areas. To
realize these automatic problem solving mechanisms, modeled human
information processing procedures were utilized. As we know, however, a
traditional definition of human problem solving, ie., logical symbolic
manipulation method, can be successfully applied only limited problem area.
Especially, only the effectively structured problem, that is called well-defined
problem, can be solved by that method. Therefore, it is difficult to solve the
problems in uncertain and/ or non-stationary environments using conventional
approaches. To overcome these difficulties, many additional AI mechanisms,
methodologies and techniques have been proposed. Nevertheless, these
dependencies on the defined problem domain are not resoled by those

approaches based on the logical symbolism.
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The other hand, Evolutionary Computation is going to be the major
research field in the Artificial intelligence area. Concepts of evolutionary
computation, then, tend to appeal to not only computer scientists but also
evolutionary biologists who are interested in natural evolutional process and
biochemists who apply evolutional optimization methods. Evolutionary
computation is a new approach of simulating evolution on a computer to
realize a machine intelligence. The majority of research in artificial intelligence
has simulated symptoms of intelligent behavior as observed in humans. In
evolutionary computation, contrastingly, intelligence is defined as the
capability of a system to adapt its behavior to achieve its goals in a range of
environments. Rather than focus on human beings and attempt to model
human behaviors and cognitive processes, it would be more important to
recognize that we can create entities capable of generating intelligent behavior
by modeling evolutionary processes. Evolutionary computation, therefore, may
provide the basis for realizing a new viewpoint of machine intelligence.

Since intelligence is viewed in terms of adaptation, the functional
behavior of systems should be evolved. To construct a useful model, an
evolution process must be abstracted in any manner. The result of such
modeling of evolutionary computation is a number of adaptive optimization
algorithms that rely on very simple rules. This adaptive optimization process
iteratively improves the quality of these solutions. Generally, the procedures
converge to near-optimal solutions despite of the existence of topological path
in search space. These methods offer potential for addressing engineering
problems that have resisted solution by classic techniques. Moreover, more
important fact is that, these methods may be used to address a broad range of
problems, rather than any one specific problem. They have proven themselves
to be robust and may be applied toward general problem solving. This latter
attribute represents the greatest potential for evolutionary computation. The
real promise of evolutionary computation, however, remains mostly
unfulfilled.

Also, Machine Learning is well known as the effective technique to
realize intelligent systems and to improve the performance of those systems.

Many Al researchers have been interested in various machine learning
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paradigms from 1950s. A major objective of machine learning is the knowledge
refinement and adjustment in a set of primarily acquired data, rules, and
knowledge. For this purpose, lots of approaches, e.g, form logic-based
theoretical algorithms to explanation-based or case-based reasoning, were
applied. In this framework, some limitations are assumed. Thus, treated
problem domains are static and all of required knowledge must be given.
However considering certain robotics problems, all of state variables in a
problem environment cannot be acquired. Capabilities of uncertainty
management and dealing with dynamic environments must be embraced.
Reinforcement Learning, that is one of machine learning paradigms, is recently
tend to be focused to solve the uncertainty management problems. Therefore,
the reinforcement learning scheme is very useful tool to construct an adaptive
problem solving system.

So, this thesis is an attempt to integrate the potentials of evolutionary
computation, reinforcement learning, and the engineering problem solving.
This integration is realized as the Genetics-based Adaptive Problem Solver
(GAPS). As the useful tools, especially, Genetic Algorithms as adaptive
evolutionary computation scheme and Classifier Systems as adaptive machine
learning mechanism are employed to construct adaptive problem solving
systems. These implements have great advantages for adaptive problem
solving. There, however, are some potential problems on implementation of
simple GA and CS. Consequently, extended functions of GAPS are also
discussed for developing the advanced GAPS.

Recently, the subjective problem class of problem solving systems in
the artificial intelligence research field is changing from a class type of
classifying problems such as diagnosis problems to a class type of synthesizing
problems such as planning problems and designing problems. In other words,
research subjects are transformed from the relatively easy problem class to the
more difficult problem class. Therefore, the subjective problem class in this

thesis is synthesizing type problems, especially, planning problems.

The contents of remaining chapters are summarized as followed.

I start in Chapter 2 with definitions and characteristics of Genetics-
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based Adaptive Problem Solvers(GAPS). Some conventional problem solving
methods are reviewed to clarify research activities in this field: from cognitive
scientific approaches such as Newell and Simon's Human Problem Solving, to
knowledge-based expert systems and Al planning systems, those are called
domain-dependent approaches. I then general formalization of GAPS is defined.
Required robustness of GAPS in uncertain and non-stationary problem
domains is also discussed. Mechanisms of Genetic Algorithms as evolutionary
comp utation scheme and Classifier Systems as adaptive reinforcement learning
scheme are summarized.

In Chapter 3, I propose extended mechanisms in GA and CS to develop
the advanced GAPS, because simple GA and CS have some latent difficulties on
implementation. Proposed extending mechanisms are as followed;

1. Synthesis of CS architectures by GA.

2. Extension of rule representations in CS by masking classifiers.

Engineering applications of GAPS are presented in Chapter 4. In this
chapter, I have chosen some variety of problem domains to examine the
performances of GAPS, those are optimization problems, planning problems,
and scheduling problems. Definitely, five practical problems, i.e. 3-Dimensional
Packing Problems, Autonomous Mobile Robot Navigation Problems, Process
Sequencing Problems, Robot Task Planning Problems, and Manipulator Motion

Planning Problems, are solved by GAPS in following manners;

 Firstly, 3-D packing strategies are evolved by adaptive tuning systems in
which the hybrid tuning method of GA and heuristics is applied. In
multiple containers environments, hierarchical tuning mechanisms are
also proposed. Based on evolved packing strategies, the possibility of

development of 3-D packing rule-base systems is discussed.

* Autonomous Robot Navigator with the Classifier Mechanism is also
proposed. In this application, I attempt to flexibly solve the mobile robot
navigation problem in an arbitrary environment. In order to realize an
autonomous navigation system, I adopt a classifier mechanism. The

autonomous robot that individually has a cassifier system as the




navigation system, is called an Agent. Thus, multiagent environments, in
which multiple mobile robots exist in one navigation area, are also
treated. Each agent induces an individual optimal solution for a given
navigation task. The given navigation area is defined as a two-
dimensional maze space that is suitable for representation of factories or

offices.

An approach to Sequencing Problem in Process Planning is described. In
general process planning for a designed machine part involves
generating a set of plans that outline operations, machine tools, fixtures,
and tools required to produce that part. Based on the design
specifications provided, a process planner has to determine the process
plan under consideration of minimizing a production cost, and at the
same time maximizing rate of production and quality of a part.
Generally speaking, the task of the process planning is decomposed into
several phases. It is very difficult to solve the sequencing phase of
machinable volumes since the optimal sequence of operations must be
selected from many combinations of operations that satisfying the
process constraints. Furthermore, this phase largely affects the
processing time. Hence, solving this phase is one of the most important
problem for developing the autonomous process planning system. In
order to realize an autonomous planning mechanism, the two
approaches are performed. First, the Genetic Algorithms are applied
directly. As the second approach, the Classifier System is applied to this

problem to obtain the further advantages.

Then, Robot Task Planning Problems are solved by GAPS approaches.
As the one of robot task planning problems, the block stacking problem
is treated. To realize an autonomous planning mechanism, classifier
systems are applied to this problem. In particular, the difficulties of this
problem are increased in multiagent environment where multiple robots
exist in a problem domain. In these multiagent systems, multiple
autonomous robots achieve given tasks and cooperate with each other to

effectively solve the task that is difficult or is never performed by single




thesis.

robot. Research interests on such autonomous distributed robot systems
are related to interactions among agents. In other words, the important
problem is the trade off between the autonomy of each agent and the
adjustment of whole system. In this problem domain, I attempt to realize

a mechanism by which cooperative strategies of agents can be acquired.

As a final application, an approach to Reactive Motion Planning
Problems of robot manipulators is shown. The motion planning problem
of a robot manipulator is well known that how to get the solution of this
problem is said to be the one of the most difficult problem in robotics
and artificial intelligence fields. In this application, I treat this problem
under uncertain constraints where unknown obstacles exist in a problem
domain and reactive plans have to make based on sensed environmental
information. This reactive planning mechanism is realized by trial-and-
error process based on classifier systems. Required resolutions of sensors
by which environmental information and problem state are obtained, are

also discussed.

Finally, Chapter 5 describes concluding remarks of contributions of this
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CHAPTER 2

Definitions and Characteristics
of Genetics-based Adaptive

Problem Solvers

2.1 Introduction

In the decade of the 1980s, artificial intelligence created a lot of success
and excitement. The most significant and widespread outcome of artificial
intelligence research was the development of knowledge-based expert systems.
However, many hard practical problems called ill-defined problems or ill-
structured problems cannot be solved by those knowledge-based expert
systems. Generally, an ill-defined problem means a problem in which it is
difficult to previously specify the problem domain. Another hand, an ill-
structured problem implies that the effective problem solving method for that
problem cannot be determined beforehand. As a result, research interests about
intelligent systems are transferred from analytic problem domain such as
diagnosis and classification, to synthetic problem domain such as planning and
design in the 1990's. Almost of problems in synthetic problem domain are ill-
structured and NP-complete. Therefore, it is expected to appear the new
problem solving paradigm. To make an answer of this expectation, some
paradigms are gaining momentum. So, I focus on adaptation and learning, and
try to provide the adaptive problem solving system on the basis of genetics.

In this Chapter, I define the Genetics-based Adaptive Problem
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Solvers(GAPS) and clarify characteristics of GAPS. For this purpose, an outline
of problem solving is described in section 2.2, and some conventional problem
solving methods are reviewed in section 2.3. Section 2.4 formalizes the adaptive
problem solving and defines the GAPS. Mechanisms of Genetic Algorithms as
evolutionary .computation scheme and Classifier Systems as adaptive
reinforcement learning scheme are summarized in section 2.5 and section 2.6
respectively. Required robustness of GAPS in uncertain and non-stationary

problem domains is discussed in section 2.7. Section 2.8 concludes this chapter.

2.2 What is Problem Solving?

The phenomenon of problem solving is a main research subject in the
artificial intelligence field. This is considered as processes of discovering and
generating solutions. The problem solver manages these processes and
performs procedures of problem solving. The main object of artificial
intelligence research is development of the problem solver that has good
computational performance and is valid for a broader area of problems. To
assign a problem to a problem solving system, usually, the following general
problem statement is transmitted to the problem solving system.

"Given a problem domain description D, find the solution x that

is a element of a set of feasible solutions X, and satisfies problem

conditions C."
In this problem statement, feasible solution set X and problem conditions C are
represented by concepts of description D. If a problem solving system can
explain information of D, X and C, and can effectively exploit these information,
then the system can understand given problem statement and search
procedures of solutions are able to be achieved.

In general, a feasible solution set X is not given explicitly, but X is
formed by generating solution elements x individually. The problem condition
C provides restrictions of a searched solution x to be satisfied. The problem
domain description D is an aggregate of basic knowledge about the problem
domain. The domain description D contains a class of object type, forms of

predicates and a nature of a task environment about a problem specification.

9




For a problem solving system, if a judgment processing procedure by which
feasibility of a searched solution is estimated, is included in the proposed
problem statement, then this problem statement represents a well-defined
problem. In a well-defined problem, the problem solving system has to know
complete information of X and C in a given problem statement.

Generally speaking, most of past Al researches treated the problem
solving processes of well-defined problems. However, it is often happened that
the complete information is not given to systems. In that case, appropriate D
and X are not exhibited, or only an incomplete information of those is
presented at first stage of problem solving process. Therefore, the problem
solving system must have any mechanism that makes a solvable problem from

the incomplete statement.

General concepts of problem solving theories are firstly defined by
Newell and Simon[Newell and Simon 72]. I, therefore, describe more detailed
explanations of general terms of problem solving in following sections of

historical reviews.

2.3 Survey of Conventional Problem
Solving Methods

2.3.1 Newell and Simon's Human Problem Solving and

GPS

At the earlier period of the problem solving research, some important
researches were achieved in a cognitive science field. These researches greatly
affected to artificial intelligence researches. Especially, Newell and Simon's
work[Newell and Simon 72] is full of suggestions even now. The definitions of
many general and common concepts about the problem solving are also

converged on their study. Therefore, I review details of the work in this section.
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The aim of their research is to clarify how humans think. In their study,
a phenomenon of problem solving is considered as relationships between task

environments and information processing systems.

The Information Processing System
Their theory proclaims man to be an information processing system,
when he is solving problems. The theory posits a set of processes or
mechanisms that produce the behavior of the thinking human. That is, the
theory is reductionistic, and it does not simply provide a set relations or laws
about behavior from which one can often conclude what behavior must be. For
the purpose of their work, first, an information processing system is defined,
and the organization and function of the information processing system are
described. Figure 2.1 shows the general characteristics of their system. The
system consists of a memory containing symbol structures , a processor,
effectors, and receptors. They, then, described a number of interrelated
definitions and postulations as follows;
1 There is a set of elements, called symbols.
2. A symbol structure consists of a set of instances of symbols
connected by a set of relations.
3. A memory is a component of an information processing system
capable of storing and retaining symbol structures.
4. An information process is a process that has symbol structures for its
inputs or outputs.
9 A processor is a component of an information processing system
consisting of:
(a) afixed set of elementary information processes;
(b) a short term memory that holds the input and output symbol
structures of the elementary information processes;
() an interpreter that determines the sequence of elementary
information processes to be executed by the information
processing system as a function of the symbol structures in a
short term memory.

6. A symbol structure designates an object if there exist information
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processes that admit the symbol structure as input and either:

(a) affect the object; or

(b) produce, as output, symbol structures that depend on the
object.

A symbol structure is a program if:

(@) the object it designates is an information process; and

(b) the interpreter, if given the program, can execute the
designated process.

A symbol is primitive if its designation is fixed by the elementary

information processes or by the extemal environment of the

information processing system.

Environment An Information Processing System

—t+—» Receptors

Processor

i — Effectors =

Figure 2.1 General structure of an information processing system.

(from [Newell and Simon 72])

In above definitions, the term object is used to encompass following
sort of things;

Symbol structures stored in one or another memory, which are often
usefully classified into (a) data structures, and (b) programs;
Processes that the information processing system is capable of
executing;

An external environment of sensible stimuli.
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Based on the above definitions, more detailed characteristics of symbols,
symbol structures, designation, primitive symbols, programs, and several
processes are defined. They, also described the production system to illustrate

the notation of symbol structures.

The Task Environment
Then, the nature of the task environment and its role in a psychological
theory is discussed. To define the task environment, the following things are
discussed.
eHow the external environment is to be represented?
*How the subject represents a problem internally?
As a solution to answer the above questions, a concept of problem space is
introduced. Thus, they maintained clear distinctions between the
environment itself, and the internal representation of the task
environment used by the subject (ie., the problem space). The problem
space is described as a space in which a human's problem solving
activities take place. He encodes problem components (i.e., defining goals,
rules, and other aspects of the situation) in the problem space that
represents the initial situation presented to him, the desired goal situation,
various intermediate states, and any concept he uses to describe these
situations to himself.
*How a problem space is to be represented in an information processing
system?
*How the processes of the information processing system operate on such a
representation to solve problems?

To clarify a more general characterization of problem space, two broad
classes of problem representations: ie., set representations and search
representations. By the set representation method, a problem is
characterized as follows:

Givena set U, to find a member of a subset of U having specified
properties (called the goal-set, G),

where, U is a set of all solutions. This representation method is useful
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when a well-defined problem is given, and when all possible symbolic
expressions of solutions are possible to define. In some case where a
problem is characterized set-theoretically, the problem can be
decomposed into a number of subproblems, and each of which can be
characterized in the same way. The set representation of a problem, while
it is relatively general, is not always the most convenient characterization.
To construct an alternative in the set-theoretic framework, the search
representation of a problem is also proposed.

When a complete set U is not given, but an initial solution u, and any
operator Q, by which another solution u, can be generated based on u,, the
search representation method is useful. In this representation method,

generated solutions are defined as follows:

1= QUQy e Q) ) (2-3-1)

where, u; = Q(u;,) means the solution obtained from u,, by applying to it

the operator Q, and where u, is the solution given initially.

Problem Solving Procedure as Interactions Between Task
Environments and Information Processing Systems

In their theory, then, the problem solving procedure is illustrated as

interactions between task environments and information processing systems

mentioned above. Thus, the problem solving process is performed as follows:

1

An initial process, called the input translation, produces inside the
problem solver an internal representation of the external environment,
at the same time selecting a problem space. The problem solving then
proceeds in the framework of the internal representation.

Once a problem is represented internally, the system responds by
selecting a particular problem solving method. A method is a process
that bears some rational relation to attaining a problem solution, as
formulated and seen in terms of the internal representation.

The selected method is applied. It comes to control the behavior, both
internal and extemal, of the problem solver. At any moment, as the
outcome either of processes incorporated in the method itself or of

more general processes that monitor its application, the execution of
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the method may be halted.

4. When a method is terminated, three options are open to the problem
solver: (a) another method may be attempted, (b) a different internal
representation may be selected and the problem reformulated, or (¢)
the attempt to solve the problem may be abandoned.

5. During its operation, a method may produce new problems, ie.,
subgoals, and the problem solver may elect to attempt one of these. The
problem solver may also have the option of setting aside a new subgoal,

continuing instead with another branch of the original method.

General Problem Solver (GPS)

On the basis of their problem solving theory defined above, General
Problem Solver (GPS) is developed as the first problem solving program using
the problem reduction schema. GPS obtained its name because it was the first
problem solving program to separatein a clean way a task independent part of
the system containing general problem solving mechanisms from a part of the
system containing knowledge of the task environment GPS operates on
problems that can be formulated in terms of objects and operators. An operator
is something that can be applied to certain objects to produce different objects.
The objects can be characterized by the features they possess, and by the
differences that can be observed between pairs of objects. Operators for a given
task are restricted to apply only to certain kinds of objects; and there exist
operators that apply to several objects as inputs, producing one or more objects
as outputs.

By GPS, various kinds of problems can be formulated in a task
environment containing objects and operators, by which a given object is
transformed into another; an object possessing a given feature is- found; an
object is modified so that a given operator may be applied to it; and so on. To
specify problems and subproblems, GPS has a discrete set of goal types. The
main methods of GPS are the means-ends analysis and the reduction method of
differences between objects. These methods seem to be a hierarchical planning
strategy that generates a sequence of operations to achieve a given goal from an

initial state. That, then, becomes the general approach used many other
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succeeding planning programs

2.3.2  Traditional Al Planning Techniques

Until today, many problem solving systems are developed based on the
Newell and Simon's "Human Problem Solving Theory" mentioned before
section. In these problem solving systems, lots of problem domains are treated.
However, as I described in chapter 1, the subjective problem class of problem
solving systems is changing from a class type of classifying problems such as
diagnosis problems to a class type of synthesizing problems such as planning
problems and designing problems. Also, my subjective problem class is
synthesizing type problems, especially, planning problems. In this section,

therefore, some traditional Al planning techniques are reviewed.

Planning problems have been attacked in two major ways: approaches
which try to understand and solve the general problem without use of domain
specific knowledge, and approaches which use domain heuristics directly. In
planning, these are often referred to as domain-dependent approaches which
use domain-specific heuristics to control the planner's operation, and domain-
independent approaches in which the planning knowledge representation and
algorithms are expected to work for a reasonably large variety of application
domains. The issues involved in the design of domain-dependent planners are
those generally found in applied approaches to AL ie., the need to justify
solutions, the difficulty of knowledge acquisition, and the fact that the design
principles may not map well from one application domain to another. Work in
domain-independent planning has formed the bulk of the Al research in the
area of planning. Figure 2.2 illustrates a brief chronology of some well-known
planning systems. In this figure, lines represent influences to develop planning
systems. The long history of these efforts has led to the discovery of many
recurring problems, as well as to certain standard solutions. In addition, there
have been a number of attempts to combine the planning techniques available

at a given time into prototypes able to cope with increasingly more realistic
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application domains. Table 2.1 shows an example of some of these efforts and
the domains to which they were applied.

As I reviewed here, planning systems have been an active research
topic within Artificial Intelligence for nearly thirty years. There have been a
number of techniques developed during that period which still form an
essential part of many of today's Al planning systems. However even now,
there existmany un-solved problems in the planning field. These problems are
not enough analyzed, orare going to be solved by advanced techniques. Types

of these problems may be classified as follows;

1. A problem in which a planner knows only partial information of
environment. Therefore, the planner must make plans by stochastic
or un-deterministic strategies. In this type of problems, the
important issue is how required information should be collected.

2. The development of a planner with learning mechanisms. Planners
reviewed above can not learn solved planning tasks, and can not
exploit obtained knowledge to a new planning task. In this type of
problems, the interesting issue is effective memorization and
searching and filtering techniques.

3. A planning task in multiagent environments in which multiple
agents exist in the planning domain. These agents interact each other.
Thus, cooperation and negotiations and conflicts among agents
occur in the problem domain. This problem is researched as a

Distributed Problem Solving.

To solve such problems, a development of the new problem solving

paradigm is expected.
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Figure 2.2 A brief chronology of some planning systems.
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Table 2.1 Significant features of some domain—independent planning systems.

Name of Domain Search strategies Applied domain
planner representation
GPS Differences Means-ends analysis Logics and chess

STRIPS Add/Delete/ Means-ends analysis | Simple robot control

Precondition lists

ABSTRIPS | Abstraction levels Blocks world
on goals
NOAH [Partial order critics Search reduction Mechanical engineers
through least apprentice
commitment supervision
NONLIN Goal structure One-then-Best Electricity turbine
backtracking overhaul
NASL Plan state Interleaved planning Electronic circuit
and execution design
OPM Opportunistic search | Journey planning
ISIS-II Constraints Beam search Job shop scheduling
MOLGEN Constraints Meta-planning Experiment planning

in molecular genetics

SIPE Re-planning Aircraft carrier

mission planning

NONLIN+| Decision graph | Dependency-directed Naval logistics

search

DEVISER | Time windows and Voyager spacecraft

events mission sequencing




2.4 General Formalization of GAPS

2.4.1  Definitions of the Problem Space and the

Problem Solver

As I mentioned before, I mainly focus on synthesizing type problems,
especially, planning problems as the subjective problem class in this thesis.
Moreover, I attempt to solve the following un-solved problems in the planning

field by GAPS.

1. A problem in which a planner knows only partial information of
environment.

2. The development of a planner with learning mechanisms.

3. A planning task in multiagent environments in which multiple

agents exist in the planning domain.

So in section 2.4, I formalize and define the problem solvers such as
conventional problem solvers , adaptive problem solvers , and genetics-based
adaptive problem solvers. Let us start with the definition of conventional

problem solvers.

In conventional problem solvers, such as GPS, the problem solving
takes place by search in a problem space. Therefore, the problem solver must
generate the complete problem space by recognizing the exteral environments
including a problem statement that is given to the problem solving agent
(figure 2.3). A problem space made from given well-defined problem is
illustrated as Figure 2.4. The problem space P is defined as;

P AR Y R RS (2-4-1)
where X is a set of problem states, and Y namely is a set of properties
corresponding to each problem state, and X, is a set of initial states, and Y is a

set of goal properties, and F is a surjective mapping function by which set X is

mapped onto set Y, and O is a set of operations by which a problem state xe X
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is transformed to a new problem state x'e X. Each symbol of P is satisfied

following expressions.

X, c X (2-4-2)
Y. CY (2-4-3)
F:X—Y (2-4-4)
0:X— X (2-4-5)
for VyeY, IF'(y)l 21 (2-4-6)

Formula (2-4-6) means that F is a surjection.

Based on the above definitions of the problem space P, I assume the

problems solving of search problems and planning problems, as follows.

External Environment
Problem Statements

~ 7
NN

\_ Probl.em Solver/

Agent

Figure 2.3 The generated complete problem space by recognizing the external

environments including a problem statement in conventional problem solvers

embedded in problem solving agents.
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Figure 2.4 A problem space made from given well-defined problem.

The Search Problems

find xg€ X, F( xg) = (2-4-7)
or,
generate X, for nge XX, H xg)e 7o (2-4-8)
or,
maximize y=F(x), xe X, ye Y, (2-4-9)

The expression (2-4-7) represents a general search problem in which it
is necessary to find at least one solution xq that has specified property F (xg)€ Y.

Y, is a given set of objective properties. The other hand, a problem represented
by the expression (2-4-8) requires to generate a set of all feasible solutions.
Every solution in the set X must satisfy the given objective properties.

The expression (2-4-9), in general, is called an optimization problem.

This kind of problems are treated in the Operations Research area. The mainly
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focused research issues in such optimization problems are an examination of
optimality and a required time to find the optimal solution. However, it is
difficult to find the true optimal solution of many problems in artificial
intelligence area. This is because the state space, namely the search space, is
multirﬁodal or enormous. Therefore the searching method by which a near

optimal solution is effectively obtained in proper time, is required.

The Planning Problem
generate Os= (01, 052,...., 0™), (2-4-10)
where, Yos, € 0, 0sCO, (2-4-11)
F(xgle Y, (2-4-12)
Xo= 05"(......053(052 (051 (X0)))......), (2-4-13)
xX0€ X, (2-4-14)

This problem is called a simple planning problem. The object of this problem is

to generate an operation path that can transform the problem state from a given
initial state xpe X, to a goal state Xq which satisfies given goal properties Y.

Moreover, when following statement is added to the above problem, that
means the optimization of plans. This type of problems is called combinatorial

optimization problems.

n
minimize cost :2 C(og!) (2-4-15)
1]
where C is a cost function which calculates a cost of state transformation from

x; to xj;+ 1 by an operator osi.




2.4.2  Definitions of Adaptive Problem Solvers

As I already described, complete description of problems is necessary
in traditional problem solving systems. However most of practical problems are
ill-defined problems. Even the well-structured problems such as blocks world
problems, when complex tasks are given, the complete problem space cannot
be described in a proper memory area. In general, traditional problem solvers
cannot solve the following type of problems.

1. A problem in which a problem solver knows or memorizes only partial
information of task environment.
2. Aproblem that should be effectively solved by using learned knowled ge
of past solved problems.
3. A problem in which the task environment is dynamically changed.
4. A problem in multiagent environments in which multiple agents exist in
the problem domain.
Many practical engineering problems are included in the class of above
problems. Therefore, to solve the practical engineering problems, I define the
Adaptive Problem Solvers (APS) that solve a problem adaptively.

Here I consider characteristics of the problem should be solved

adaptively. Using the problem space P defined by the expression (2-4-1),

following cases are considered.

¢ The state space X is too huge to completely memorize in a computational

work area.

¢ The function F that calculates properties of problem states, is unknown
or dynamically changed, so the property space Y is initially unknown

and gradually changed.

¢ The effective transformation operation set O is unknown, because the

problem space is multimodal.




Definition of Adaptive Problem Solvers
The adaptive problem solver APS is defined as;

AR e, Woaper Alpe, B 3 Ky s ¥ i ME SFLEER, DE>, (2-4-16)
where, X, is a set of states, Y, is a set of properties, A, is a set of outputs
corresponding to states, X, is a selected set of states, A; is an output set
corresponding to X, X, is an initial state set to be examined, Y, is a goal
property set, MF is a mapping function, SF is a searching function, LF is a
learning function, EF is an encoding function, and DF is a decoding function.
Figure 2.5 illustrates a schematic view of the adaptive problem solver APS and

its problem solving mechanisms.

Adaptive Search
The adaptive search procedure is performed by APS as follows.
In APS a subset X of problem states is examined because X, is too large. That
is,
P . R (2-4-17)

Since APS don't know any property evaluation function F and hence cannot
decide the property of certain problem state x€X; by itself, a property is
acquired from the extemnal task environment by broadcasting a corresponding
output a€A; to the environment This mapping procedure from state space to
output space, is achieved by a mapping function MF. That is represented as,

ME oo (2-4-18)
is equal as,

a =MF(x) (2-4-19)
Generally in search problems, the mapping function MF is fixed. Particularly in

a simple problem, the most primary function is used. Thus, for Vy eX e
E=MEOY=X (2-4-20)

A generated output 2 by the function MF is decoded by function DF for extemal

environments. Thus,

DF: A, A;, (2-4-21)




where A, is a set of extemal actions. Then, the environment returns a property y
of the output a. Based on the acquired properties set Y, including the given
goal properties Y, a new subset X" < X,,. of states to be examined at next step,
is constructed by searching function SF. That is expressed as,

SE: Xyps XX XY yps = X (2-4-22)
This function SF is controlled by the adaptive searcher AS embedded in APS.

The APS repeatedly executes these adaptive search procedures, and so
an acquired property y is gradually approaching to the goal properties Y..
Therefore the executive cycle of APS is terminated when the following

condition is satisfied.
ye Ye, (2-4-23)
The search performance of the APS is mainly affected by the SF. So, it is

necessary to construct or select the good adaptive searcher that controls

adaptive search strategies.

Reactive Planning

I then change the view point to planning problems. To solve difficult
situated problems that I described above, the reactive planning is often said to
be a useful approach. These difficult situations mean that, for example, a
problem domain is uncertain or non-stationary. In particular, considering
robotics application, many difficult issues arise. In any given task, we can
usually distinguish between information that we can easily hardwire into the
robot from that which would involve a lot of human effort. Sometimes the
information necessary to program the robot is simply not readily available. For
example, we might want to have a robot explore an unknown terrain. Clearly,
in such situations it is imperative that the robot be able to learn a map of the
environment by exploring it. Moreover, the real world is a dynamically
changing place. Objects move around from place to place, or appear and
disappear. Even if we had a complete model of the environment to begin with,
this knowledge could quickly become obsolete in a very dynamic environment.

There are also slower changes, such as in the calibration of the robot's own
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sensors and effectors. Thus, it would be beneficial if a robot could constantly
update its knowledge of both its internal and external environments. In such a
difficult situation, the planner must have following features [Connell and

Mahadevan 93].

¢ Non-deterministic selection of actions: Since the planner has an
incomplete model of its environment, actions will not always have similar

effects.

¢ Reactivity: A robot must respond to unforeseen circumstances in real time.
In terms of learning, any reasonable algorithm must be tractable in that

every step of the algorithm must terminate quickly.

¢ Incrementality: A robot has to collect the experience from which it is to
learn the task. The need for efficient exploration dictates that any
reasonable learning algorithm must be incremental. Such algorithms
should allow the robot to become better at deciding which part of the
environment it needs to explore next.
Conventional planning models reviewed in section 2.3, is usually called Sense-
Model-Plan-Action model (SMPA model) [Brooks 91]. The planning cycle of
SMPA model is illustrated in figure 2.6. It is pointed out that the SMPA model
cannot have above required features. On the other hand, the reactive planning
method is one of methods that can deal with such the difficult situations [Agre
and Chapman 90] [Connel and Mahadevan 93] [Kaelbling and Rosenschein 90]
[Maes 90] [Naruse 94]. A reactive planning system flexibly decides an action
called behavior based on a state of the world model. On the basis of the having
knowledge at a certain time, namely reactive rules, a seemingly appropriate
action is selected. Therefore a selected action is not always absolutely correct.
Although it can not generate a sequence of behaviors, which leads to the final
state, such a sequence is accomplished by deciding the behaviors repeatedly.

Figure 2.7 illustrates a process of the reactive planning.

The concept of the reactive planning is realized in the APS. A reactive

planning procedure is executed as follows.




Encoding process of problem states: The extemal problem space X, is
encoded into a set of internal states X,,. by the encoding function EF,
that is represented as,

B et s (2-4-24)
is equal to,

EE(x,) = x, (2-4-25)

where, x.€ X, xe X, s

The mapping process: The encoded problem state x is mapped over the

output space A ,,s (may be called the action space) by MF, thus,
MIES Kool s (2-4-26)
In reactive planning problems however, MF is not fixed. Because the APS

has to select an action non-deterministically. That is represented as,
MFt (xty=ateA,,. , (2-4-27)
where, MFt is a mapping function at time ¢, x! is an encoded state at time

t, at is a selected action for xt at time ¢, and af is an element of A ,,.. This
mapping function MF corresponds to the reactive rule, therefore plays

main role in reactive planning systems.

The decoding process of an action: The selected action af is decoded by the
decoding function DF. That is,

BE S AparAg (2-4-28)
and is equal to,

DF(at) =ate A,, (2-4-29)

The learning process: According to the acquired property yf for an extemal

action a,t, the learner adjusts the mapping function MF£. This process is

also represented as following expressions.

LF: X, p XA, ps XY ;p XMF — MEF, (2-4-30)

is function,




LE(xt, at, yt, MFt) = MFt+], (2-4-31)
By this learning mechanism, MF is modified so that an acquired property

ylis approaching to the goal properties Y. This type of learning scheme

is generally realized by the reinforcement learning scheme.

The reactive planning performance of the APS is mainly affected by the
MF. However, since the APS doesn't have enough information of the external
task environment, the appropriate mapping function cannot be initially
defined. So, it is necessary to construct or select the reliable adaptive learner

that adjusts the mapping function.
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Figure 2.6 The planning cycle of SMPA model.
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Figure 2.7 A process of the reactive planning




2.4.3 Genetics-based Adaptive Problem Solvers

To develop the good APS defined in section 2.4.2, an appropriate
adaptive searcher and a reliable reinforcement learner have to be selected and
embedded in APS as I mentioned. In this thesis, I employ Genetic Algorithms
[Holland 75] [Goldberg 89] and Classifier Systems [Holland et al. 86] in the APS,
as an evolutionary adaptive searcher and an adaptive reinforcement learner
respectively. This type of APS is defined as genetics-based adaptive problem

solvers GAPS, and characteristics of GAPS are described as following lines.

There may be some approaches to realize an adaptive searcher and an

adaptive learner. For example, stochastic search algorithms are listed as,
¢ Simulated Annealing [Kirkpatricks et al. 83],
¢ TABU Search [Kido 93].

Also, as reinforcement learning scheme, following algorithms are listed.
¢ Stochastic Learning Automaton [Narendra and Thathachar 91],
¢ Temporal Difference Algorithm [Sutton 88],
¢ Q-Learning [Watkins and Dayan 92],
¢ Hopfield Artificial Neural Network [Hopfield and Tank 85].

And as other new problem solving paradigm, there may be listed as follows.
¢ Case-Based Reasoning [Kolodner, Simpson and Sycara 85],
¢ Explanation-Based Learning [Michell, Mahadevan and Steinberg 85],

¢ Assumption-based Truth Maintenance System(ATMS) [deKleer 86].
Although these approaches have some advantages individually, the
main reasons of my decision that genetic algorithms and classifier systems are

employed in GAPS are summarized as follows.

1. As I defined, APS needs adaptive processes. Adaptive processes. are
basically optimization processes made difficult because the structures
being modified are complex and their performance is uncertain. Defined

more generally, adaptation designates any process whereby a structure is

Dk




progressively modified to give better performance in its particular
environment The other hand, in biology, the adaptation is the basic
process underlying evolution, acting at all levels of organization from
enzymes to ecosystems. Genetic algorithms are adaptive search
algorithms based on the mechanics of natural evolution, natural selection

and natural genetics. Therefore I choose to employ genetic algorithms.

A classifier system is a genetics-based machine learning system, and is
suitable for complex planning tasks such as reactive planning problems.
The term "genetics-based" means that a structure of reactive rules in
general classifier systems is represented by very simple symbols. Thus
the reactive rule space to be searched and modified, is the binary
alphabetic space that is the same as the search space used by genetic
algorithms. Combining genetic algorithms as an adaptive searcher and
classifier systems as an adaptive learner makes the appropriate
association in GAPS, because one search space is commonly exploited

and explored by the searcher and the learner.

The credit assignment system in classifier systems plays role of effective
reinforcement learning systems. Therefore, by collecting the learning
experience, GAPS incrementally becomes better at deciding which part

of the environment it needs to explore next.

If we want to use more complex structures in the search space——for

example, decision trees for induction, formal logical expressions, such as

traditional Al problems, production rules by natural languages, and so
on——, then the genetic programming technique [Koza 92] can be

- applied by representing structures undergoing adaptation in LISP S-
expressions. The genetic programming paradigm is an evolutionary
synthesis algorithm of computer programs based on the concepts of
original genetic algorithms. In particular, the structures are general,
hierarchical computer programs of dynamically varying size and shape.

In this thesis, however, the extension of search space structures by the
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genetic programming is never focused on.

In GAPS, the defined symbols in APS are corresponding to structures

of genetic algorithms and classifier systems as follows.

The Search Problems by the Adaptive Searcher Based on Genetic

Algorithms

X ps

Yps :

St

%

Ij, a binary string that has / length, thus,
Le{0,1} (2-4-32)
IA, the set of binary strings being tested, is namely a

population. A is a population size.

A= XD XXy = ] (2-4-33)

I, the set of all feasible space of I-bit binary strings.
I={0,1} (2-4-34)

I;t(o) , initial set of strings.
Reals, fitness values.
(), a set of adaptive plans, that is called genetic operators, e.g.,

selection, crossover and mutation.
the decoding function by which a binary string is decoded to an

output for the external environment.

The Reactive Planning Problems by the Reinforcement Learner

Based on Classifier Systems

EM, an environmental message that then matched with
conditional parts of reactive rules that is called classifiers. EM is

represented as,

EMe{0,1 }em (2-4-35)




Xaps

Aps
Y yps ¢

LE

EF

DF

(0, 1)/em, the set of all feasible states that are represented as

fixed lengthen bit patterns.
cf;, a decided action that is also represented as a fixed lengthen
bit string, that is called an action part of classifiers, thus,

cfie{0,1 }la (2-4-36)

{0,1 }la, the set of all feasible actions.

Reals, reinforcement signals.

CF, the set of classifiers by which an environmental message is
mapped into candidate action strings. CF is expressed as,

CF = {cf;j; i=1,2,..,N} (2-4-37)
Each classifier cf; maintains a numerical parameter Scf; called
strength that represents past usefulness of cf;.
the learning function by which classifier rules CF are modified
based on reinforcement signals. In classifier systems, learning
function LF is realized by credit assignment algorithms such as
profit sharing and bucket brigade algorithm, and by new rule
discovery algorithms.
the encoding function by which states of external environments
are encoded into fixed lengthen binary messages.

the decoding function by which a binary action string is

decoded to an actual action for the external environment.




2.5 Genetic Algorithms as Adaptive

Evolutionary Computation Scheme

2.5.1 An Overview of Genetic Algorithms

Genetic Algorithms are search algorithms based on natural selection
and natural genetics by organized evolution pressure of biological system. In
genetic algorithms, an object to be evolved is encoded to a string using
alphabets and numbers, and a population is generated as a set of strings. Each
string is determined to survive or die depending on its fitness value. The values
are calculated based on each search result. Only survived strings are copied to
the next generation. This process is called reproduction. To acquire the further
adapted string, genetic operations such as the cross-over operation and the
mutation operation are applied. A new population is generated as a set of
operated strings by these genetic operators. The population is evolved and
eliminated repeatedly by each generation (figure 2.8). For solution of search
problems, genetic algorithms have been investigated recently and shown to be
effective at exploring a large and complex space in an adaptive way, guided by
the equivalent biological evolution mechanisms of reproduction, crossover, and
mutation. For solution to a search problem, five components are required in

genetic algorithms[Adeli and Hung 95]:

1. Representation: This is a way of encoding the structures of the search
problem in a string of binary digits ( 1's and 0's) called a chromosome. If
there are m structures in a search problem and each structure is encoded as
an n-digit binary number, then a chromosome is a string of n x m binary
digits.

2. Evaluation Function: This function is used to evaluate the given structures
and retumn a value. The value of a chromosome's objective function is a
fitness of that chromosome. The fitness is used to determine the probability
that this chromosome will be selected as a parent chromosome to generate

new chromosomes.




3. Initialization of the Population: A method of initializing the population of

chromosomes is needed. In general, the population of chromosomes is
initialized in random.

. A Set of Operators to Perform Evolution between Two Consecutive
Chromosome Populations: Genetic algorithms use parent selection
techniques that mimic the process of natural selection for selecting
chromosomes to create a new generation, where the fittest members
reproduce most often. After the parent selection, the process of genetic
operation is applied. In general, crossover and mutation are employed as
genetic operations. The crossover is applied to recombine two chromosomes
and generate two new chromosomes when a random value associated to this
pair is greater than a pre-defined crossover rate. The operation of one-point
mutation simply alters onebit in the string when a random value, between 0
to 1, associated to that bit is greater than a pre-defined mutation rate.

. Working Parameters. A set of parameters is pre-defined to guide the genetic
algorithm, such as the length of each structureencoded as a binary string, the
number of chromosomes to be generated and operated in each generation,
the crossover rate, the mutation rate, and the stopping criterion. The
crossover and mutation rates are used as thresholds to determine whether
the operators have to be applied to a pair of parent chromosomes or not. In
general, the value of crossover and mutation rates are assigned as real
numbers, between 0 and 1. The stopping criterion is pre-defined as the

number of iterations or a tolerance value for the objective function.

The executive cycle of genetic algorithms is shows in figure 2.9.
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Figure 2.8 Evolving populations by genetic algorithms.

step 1
step 2
step 3
step 4

step 5

step 6
step 7

Encode the structures being adapted and evolved as chromosomes.
Initialize a population of chromosomes.

Evaluate each chromosome in the current population.

Create new chromosomes by mating current chromosomes; apply
mutation and recombination as the parent chromosomes mate.

Delete members of the population to make room for the new
chromosomes.

Evaluate the new chromosomes and insert them into the population.

If time is up, then stop and retum the best chromosome; if not, then go

to step 4.

Figure 2.9 The executive cycle of genetic algorithms(from [Davis 91]).




2.5.2  Definitions of Simple Genetic Algorithms

This section shows the definition of simple genetic algorithms.
Hoffmeister and Back presented simple genetic algorithms as a following eight-

tuple entity[Hoffmeister and Back 91].

CAz P LA S e (2-5-1)
where

P : initial population,
I : encoded chromosomes,
A 3. = population size,
[ ; length of chromosome,
s ; selection operator,
p operator determination,
Q2 : operator set,
v il fitness function,
t termination criterion.

These entities are formalized as following expressions.

Pam” Pam—
A

Pt s =t el o e T (2-5-2)

| A11] [Aal]
I=10,1}}, (2-5-3)
AeN, (2-5-4)
leN, (2-5-5)
s:[A — IA, (2-5-6)
pil =0 (2-5-7)

QC {w:IxXIA — 1, (2-5-8)




f:I — Reals, (2-5-9)

t: 1A —{0, 1) (2-5-10)

As general genetic operator of £, crossover and mutation are also formalized as

follows.
C : crossover operator,
m : mutation operator,
c:12 — 2 (2-5-11)
i B ol (2-5-12)

There are A chromosomes in each population. The initial population of

chromosomes P, is generated randomly. The entity aﬁ( denotes the k-th

chromosome in the t-th generation of population, Pf. A chromosome I, is
encoded as a string of binary digits. The variable N is a set of integer. The
evolution process of genetic algorithm is continued (t=0) until one of the

termination criteria is met (t=1).

The selection operator s, produces an intermediate population Pt from
the population P! in the t-th generation by generating copies of elements from
Pt,

S PE = g Ll (2-5-13)

In Pt any af.' = aj- is selected according to the following selection probability

function p;.
ps:1 —[0,1], | (2-5-14)
(a))
ps (a)) = L (2-5-15)

S

Genetic operators are applied to the population P! after the intermediate

population Pt is produced. For each af, the applied operatoris determined by
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p, that is,

pa) = w:, (2-5-16)

Two-Point Crossover Operator
As the one of a)f e (2, the two-point crossover operator Ctp 1s defined

as follows. For any pair of selected chromosomes in a population Pf, an
associated real value r=[0, 1], is generated randomly. If 7 is greater than the

predefined crossover threshold 7, the crossover operator is applied to this pair
of chromosomes. This pair of chromosomes is assumed as {af., a;}. The two-
point crossover Ctp produces a new pair of chromosomes {af . a;'} that is

added to the intermediate population Pt’. The operation of cy, is represented as:

f

=
) [aj,llmlaj,pllai,(p1+1)/"°/ai,pZ/aj,(p2+1)/"'/aj,l] (2-5-17)

T
[ai,l/"'/ai,pl/aj,(p1+1)/"~/aj,pZ/ai,(p2+1)/°"/ai,l] )

where 1 < pl1 < p2 < [. In this crossover strategy, two positions in a pair of

chromosomes are selected. The pair of chromosomes is divided into three sub-
chromosomes by these two points and crossed over to each other by swapping

the first and third sub-chromosomes.

Mutation Operator

As another general operator, the mutation operator is defined as

follows. For any chromosome in a population Pf, an associated real value r=[ 0,

1], is generated randomly. If 7 is less than the predefined mutation threshold "

the mutation operator m is applied to this chromosome. The mutation operator

simply alters one bit from 0 to 1, or 1 to 0 in a chromosome. For randomly

selected chromosomes let' from P, the operator of mutation m, produces a new




chromosome gﬁ, that is added to the intermediate population P!’. The

mutation operator m is represented as:

t t' ' s :
m( al):al :[ai,11'°'/ai,k1"'/ai,l] (2'5'18)
' a; k forke{l,2,...,pm—l,pm+1,...,l}
Ai k=) (2-5-19)
i k for k :pm

wherel <p <l

After these operations, all members of the intermediate population Pt are

copied into a population of next generation P{+1,




2.6 Classifier Systems as Adaptive

Reinforcement Learning Scheme

2.6.1 An Overview of Classifier Systems

The classifier system[Holland et al. 86] is a machine learning system
that has the strong learning performances and very simple mechanisms. The
classifier system also has many similarities to the production rule based expert
systems. In the classifier systems and the production rule-based systems, a
strategy is identically performed by the activated rules that satisfy the
environmental conditions. But the rule syntax of the classifier systems is very
different from that of the production rule-based systems. Thus, many
production systems permit to involve complex grammatical constructions for
the condition and action parts of a rule. Therefore, there are many difficulties of
employing production systems in the learning situations. The other hand,
classifier systems depart from these difficulties by restricting a rule to fixed
length representation using alphabets or numbers. By this restriction, string
rules can be operated easily. In this classifier system, an appropriate strategy
for an arbitrary environment is represented as a syntactically simple string rule
that is called classifier, and all the strategies of the system are controlled by a
set of the finite number of classifiers. Therefore, in the machine learning with
classifier system, a set of the classifiers evolves for the given problem from an
initial state to an adapted state by autonomous evolutional learning
mechanisms over learning generations. This learning mechanism is realized by
the simple credit distribution algorithm for all classifiers and the new rule

discovery algorithms.

In general, a framework of original classifier system consists of several

components that are schematically shown by figure 2.10. The details of these

components are defined in the following sections.
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Figure 2.10 A schematic illustration of the original classifier system.

2.6.2 Formalization of Simple Classifier Systems

Though a number of researchers were inspired by Holland's
framework to investigate classifier systems [Wilson and Goldberg 89] and it
had some influence on the related field of reinforcement learning, efforts to
realize the framework's potential have met with mixed success, primarily due
to difficulty understanding the many interactions of the classifier system
mechanisms that Holland outlined. In [Wilson 94], Wilson pointed that the
most successful studies tended, in fact, to simplify and reduce the canonical
framework, permitting better understanding of the mechanisms that remained.

In this section, I define the architecture of.simplified classifier systems,
named simple classifier systems. A simple classifier system has no internal
message list. That is wunlike to Holland's original classifier system
concepts[Holland et al. 86]. Considering the implementation to reactive
planning on GAPS, it is not necessary to have the internal message list. Note

that the problem solving system in which a simple classifier system is

implemented, is called an Agent.




From a view point of functional organizations, the simple classifier

system can be depicted as a set of interacting sub-systems shown in figure 2.11.
So, the simple classifier system SCS is represented as following four-tuple:

SCS=<RB. PS5 CAS RDS S, (2-6-1)

where, RB is a rule-base system, PS is a performance system, CAS is a credit

assignment system, and RDS is a rule discovery system. In followings, formal

representations of the simple classifier systems are defined by each sub-system.

Environment

Simple
Classifier
System

Performance systea

fiic ot

Rule-base )\
v
Credit assignment Rule discovery
system system

Figure 2.11 Functional organization of a simple classifier system.

RB: The Rule-base System

In the rule-base system, a set of classifiers exists. The classifiers play as
reactive rules in a reactive planning process. The rule-base system RB is defined
as following four-tuple,

RB=<CF, LLRGF, py > (2-6-2)
where, CF is a set of classifiers, I is a set of characters used in a classifier, RGF is
a rule generating function that generates an initial CF , p; is a set of internal
parameters about classifiers. The initial set of classifiers CF, is generated by

RGF as follows.




RGF : IXp, — CF (2-6-3)

where,
F=101,43, (2-6-4)
Pr={N, I, Ig Py S}, (2-6-5)
Chelthiiall, 20 (2-6-6)
Cfi - { CfCZ / Cjaz 7 SCfl }, (2-6-7)
Fel(0,1,#)C (2-6-8)
, la
HETO, 1T, (2-6-9)
Scfie Reals. (2-6-10)

A classifier c¢f; (€CF) is a string rule that consists of a condition part gft; ;. an

action part ¢f?, and a fitness value Scf; called 'strength’ likely to production
rules. A condition part ¢ft; and an action part cf?;, are represented as expression
(2-6-8) and (2-6-9) respectively. In a CfCi’ a character #' is used as a 'don’t care'
symbol in the performance system. In parameter set p;, N is the number of rules
in CF, I, and [, are predetermined fixed lengths of the condition part and the
action part respectively, Py is a probability variable that controls the generated
number of symbol "#"' in a conditional part. The expected number of the
symbol "#' in a ¢f; , is |+ Py The initial strength values of all classifiers are

equivalently settled by the parameter S,,.

PS: The Performance System
In the performance system PS, main processes of a stimulus-response
cycle are executed. Figure 2.12 illustrates these processes. As shown in figure
2.12, following four processes in the basic executive cycle are performed.
1. Encoding process of environmental information: Through the detector as a
perceptive instrument, an environmental information is encoded into

internal message that has an appropriate form for processing in the SCS.
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Let E be a set of external states of environmental information, and EM be a

set of feasible internal messages, and EF be an encoding function, then this

process is represented as following expression.

EF:E — EM, (2-6-11)
where,
EME (0, 1)lem. (2-6-12)

. Conditional matching process: The most important property of the
classifier system is a Parallelism. That is, many classifiers simultaneously

be candidates of active classifier. The conditional matching between an

encoded message EM and all conditional parts ¢ft; of all classifiers cf; (€

CF), is achieved to extract a set of matched classifiers CF,,(<CF). Let MF
be a matching function, then this process is expressed as,

ME CEXENM = CE,,; (2-6-13)

. Rule competition process: To select an appropriate action, rule

competition among matched classifiers CF,, is performed, and active set of
classifiers CF ,(<CF,,) is generated. Let RCF be a rule competition function,
then this process is described as following expression.

RUECLE o e rsl b, (2-6-14)
In this competition, the usefulness of candidates is evaluated according to
those strength values Scf; (i = 1,2,...,N). As a result of the competition, a

classifier having the higher strength value is selected with high selection
probability. In general, this selection process is called a roulette wheel

selection procedure. Thus, a selection probability P_sel(cf;) of a classifier cf;

is calculated by following equation.

P_sel(cf )= Nf (e (2-6-15)
2flef) 54

where,




14if of ;e CFy
f(Cfl-)={O: i n (2-6-16)

4. Decoding process of action code: A winner classifier CF, in the rule
competition instructs an action of the agent according to its action part.
This determined strategy is performed through the effector where a binary
code of an action part is transformed to an executable command formation.

Let A = { aj;]=1.2,.,N, } bea set of executable actual actions of the agent,

and DF be a decoding function, then this process is represented as,

DF:CF, — A (2-6-17)

On the basis of above descriptions, the performance system PS is
defined as following eight-tuple;

PS=(CF, E, EM, EF, MF, RCF, DF, A), (2-6-18)

where CF involves sub-sets of classifiers, i.e., CF,&CF,,&CF, and strength

values Scf;.

Actions

( Encode' Process Decode Process
Detector Effector
Conditional Rule Competition
Matching Process Process

Performance System

Rule-base
CF

Figure 2.12 A basic sense-act cycle in the performance system.




CAS: The Credit Assignment System

Here, the reinforcement learning algorithm by which a set of classifiers
are adapted and evolved is presented. The environmental rewards are assigned
to the selected classifiers based on the results of the performed actions. By this
algorithm, strength values of classifiers are revised, such that the useful
classifiers for the given task tend to have higher strength values. Then the
adaptive knowledge acquired from many instances.

Let r be an environmental reward value, and RF be a reinforcement

function, then this learning procedure is represented as,

RESLEXy 2 OF (2-6-19)
More precisely, this reinforcement procedure is applied every time step. That is,
at time ¢, based on the achieved action af instructed by the selected classifier
CF L, the environmental state changes from Ef to Et+1. As the result of changing
the state, an environmental reward rf is given. Then, the strength value of CF At
revised from SCFAt to SCFAt+1 according to the reward rf. That is represented
by following expression.

Sce Hl=5cr f+ RE(rY, (2-6-20)
where SCFAt is a strength value of CF, at time ¢, and RF is a transforming
funcion by which an environmental reward rf is transformed to a
reinforcement signal. In general, as reinforcement algorithms, the profit sharing
method[Grefenstette 88] and the bucket brigade algorithm[Holland 85] are well

known. In these two algorithms, a reinforcement function RF is expressed as

followings.

profit sharing method:

RF(rt)=art/ICF,I, (2-6-21)
where, o is a discount coefficient of given reward, |CF,| means the number of
rules in CF,. The profit sharing method is a bundle reinforcement scheme by

which sequential classifiers that participate in the reward rf, collectively receive

the assigned equivalent reinforcement signal. So, participating sequential
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classifiers are memorized in CF,.

bucket brigade algorithm:
REGY) = o =B Ser BrySap F6l (2-6-22)

where, a is a discount coefficient of given reward, B and 7y are learning rate for

strength updates under bucket brigade, and CF’, is an activated classifier at
time t+1. Bucket brigade algorithm is a local technique for apportioning the
strength. This mechanism is performed by continuous payment of fraction of

classifier's strength.

On the basis of above descriptions, the credit assignment system CAS is
defined as following triple;

CAS=<CF,R,RE >, (2-6-23)

where R is a set of environmental rewards, thus, r € R.

RDS: Rule Discovery System

Although classifier rules in the rule-base can be learned by the credit
assignment system, a rule discovery mechanism is one of the important
elements in machine learning system because all of the feasible rules cannot be
searched. To search a more better rule, a new rule that is not in a current rule-
base , must be generated and added in the rule-base. In the classifier system,
since the representation of rules is very simple and fixed-length form, it is easy

to produce a new rule by using the genetic algorithms [Holland 75] [Goldberg

89]. This rule discovery procedure is controlled by a parameter set p,, = { p, %,
i }. These are described as follows.

p: Starting probability of rule discovery procedure by genetic algorithms

per time-step of the performance cycle. Therefore, average starting times
in N, performance cycles, is p*N;.
X: Probability of crossover per invocation of the genetic algorithms. Thus,

average number of new classifiers generated by a crossover operation in
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one GA cycle, is x*N.

u: Probability of mutation per invocation of the genetic algorithms. Thus,

average number of new classifiers generated by a mutation operation in

one GA cycle, is u*N.

Let RDF be a rule discovery function, the rule discovery system RDS is
defined as following double;

RDS =(CF, RDF, p,, GA), (2-6-24)

where GA is simple genetic algorithms defined by expression (2-5-1). In RDS,

then a set of classifiers CF is modified as following expression.

RDFE: CFXp;XGA —+ CF (2-6-25)




2.7 Required Robustness of GAPS in

Uncertain and Non-Stationary

Problem Domains

A realistic adaptive system has to have the robustness of the
underlying adaptive plans or strategies. The robustness means its efficiency
over the range of environments that it may encounter. Particularly, the
robustness is needed in uncertain or non-stationary problem domains such as
subjective problems of this thesis. By the robust adaptive mechanism, the
system can effectively and flexibly search and get a new solution for a similar
problem domain based on a past adapted internal structure. A similar problem
domain means that the environment slightly changed. An adaptive system
having robustness should exploit an unchanged or common part of adapted
structures for a new problem domain to realize a speedup problem solving.

In general, a macro knowledge called the meta-knowledge of problem
domains is usually utilized to realize a speedup problem solving or learning.
The explanation-based learning[Michell, Mahadevan and Steinberg 85]
technique is well known as a utilization method of the meta-knowledge.
However an explanation-based learning system needs the perfect domain
knowledge and the appropriate operational criteria to work effectively.

The other hand, since the reinforcement learning scheme implemented
in GAPS is a behavior-based learning technique, re-adaptation can be carried
out based on given environmental rewards form the changed environment
Especially, in classifier systems, multiple reactive rules are evaluated and
reinforced for one environmental state in learning processes. Therefore, for one
state, the system does not determine one fixed rule, but revises selection
probabilities of feasible rules. As the result, re-leaming process is flexibly
achieved.

The robustness of the adaptive search based on genetic algorithms is
explained by the schemata concept and the schema theorem[Holland 75]
[Goldberg 89]. The schema is described as follows.
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Schemata

Let 5:{51' ; i=1,...,1} be a set of detectors, and each detector §; encodes the
information of each other different environmental attribute, thus,

Of B =rils (2-7-1)
In term of the given detector, each environmental structure e € E will have an

internal representation (61(e), &p(e),...., dj(e)); that is each structure e will be

described by its particular ordered set of | attributes or detector values 6;(e) €
V. Thus, for an encoded chromosome of ¢, V; can designate the set of alleles of
locus i. Also V;has different values vj j, j=1,.... . For example, three detectors are
given (67, &, 63), and three <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>