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FOREWORD
Understanding the process of learning, and giving this capability to
computers, is among the most ambitious goals of modem computer science.
The past decade has seen research progress toward this goal along several
fronts: developing new learning algorithms, modeling human learning
processes, and theoretically characterizing the complexity of learning.
Among the most significant new themes of this decade is the exploration of
how the learner's goals and prior knowledge drive the learning process.
Before 1980, the vast majority of research on learning focussed on the task of
estimating or hypothesizing an unknown function given only a sample of its
inputs and outputs, with no explicit notion of the learning goal. This research
grew out of the tradition of earlier work on statistical pattern recognition and
early studies in psychology on learning "nonsense" concepts such as abstract
geometric patterns. But over time many researchers became convinced that
this was too simple a formulation of the learning problem to model the
surprising learning skills exhibited by humans.
To see the issue here, consider learning to play a game such as chess. Suppose
you have just lost your queen and wish to learn the general pattern of board
pieces that led to this failure. Inductive learning methods require hundreds or
thousands of such failures (and nonfailures) to hypothesize which of the many
board features distinguish the positions where you lose your queen from those
where you do not. But people are typically able to learn such concepts from
only a handful of examples. How? People appear to direct learning toward
concepts relevant to their goalsby explaining the cause of their failure and
thereby noticing the relevant board features (e.g., the opposing knight that
was simultaneously threatening your King and Queen) while ignoring the
irrelevant (e.g., the three pawns in the second row). The oversimplification of
early work on learning was that it omitted any reference to the learner's goals
and therefore could not model this kind of learning by explaining.
During the 1980s researchers began exploring the role of explanations, goals,
and explicit prior knowledge in the learning process. Explanation-based
learning algorithms were developed that generalized more accurately than
earlier inductive approaches by explicitly taking into account the learning
goal
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(e.g., to avoid losing the queen) and related prior knowledge (e.g., the legal
moves of chess). The key insight underlying this work was that learning is
much easier to understand and duplicate in computers if the learning goal and
related knowledge are explicitly manipulated by the learning algorithm.
This initial work led to a flurry of research on goal-driven learning, exploring
more broadly the ways in which learning processes are influenced by learning
goals. Whereas initial research considered how learning goals influence the
process of generalizing from examples, more recent work has considered how
learning goals drive other processes as well, such as the process of
experimenting to collect new training data and the process of generating
useful learning subgoals. Whereas the initial research produced simplified,
brittle algorithms for using the learning goal to guide generalization, more
recent work has produced significantly more robust and practical methods and
has raised questions concerning the origins of learning goals, the role of goals
in guiding other learning tasks, and how to choose appropriate learning
strategies to achieve learning goals.
Current research in goal-driven learning encompasses a wide range of issues
dealing with how and when learning goals arise and the ways in which goals
influence a broad range of learning processes. These issues, which are now
being addressed in machine learning, cognitive psychology, and education,
are the focus of this volume, which summarizes recent work on goal-driven
learning and presents a number of new research results in this area. As you
will see from many of the chapters, the field is actively exploring new
directions, and many of the approaches are still under development. Although
we still lack a full understanding of how to best use goals to guide the
learning process, it seems obvious that if we are to progress in understanding
learning, then we must acknowledge more and more of the rich context in
which it occurs. Taking learning goals into account is one essential step, and it
is difficult to imagine a future for machine learning or cognitive science in
which this does not play a central role.
TOM M. MITCHELL
CARNEGIE MELLON UNIVERSITY
PITTSBURGH, PA
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PREFACE
In cognitive science, artificial intelligence, psychology, and education, a
growing body of research supports the view that the learning process is
strongly influenced by the learner's goals. Several experimental studies have
shown that people with different goals process information differently.
Studies in educational contexts have shown that different types of goals
influence learning in different ways, and have attempted to use this insight in
the design of effective educational environments. The importance of learner
goals is supported by computational machine learning models, which provide
functional arguments for goal-based focusing of learner effort, and from
psychological evidence for the importance of student goals in educational
settings. Investigators in each of these areas have independently pursued the
common issues of how learning goals arise, how they affect learner decisions
of when and what to learn, and how they guide the learning process.
The fundamental tenet of goal-driven learning is that learning is largely an
active and strategic process in which the learner, human or machine, attempts
to identify and satisfy its information needs in the context of its tasks and
goals, its prior knowledge, its capabilities, and environmental opportunities
for learning. It is increasingly evident that investigation of goal-driven
learning can benefit from a multidisciplinary effort employing diverse
perspectives on a common research agenda. Until now, however, research in
goal-driven learning has largely been confined to isolated efforts, with little
framework to connect related results and to aid in their analysis. The purpose
of this book is to establish such a framework, to collect and solidify existing
results on goal-driven learning, and to point the way for future investigations
of goal-driven learning.
The book begins with a discussion of fundamental questions for goal-driven
learning: the motivations for adopting a goal-driven model of learning, the
basic goal-driven learning framework, the specific issues raised by the
framework that a theory of goal-driven learning must address, the types of
goals that can influence learning, the types of influences those goals can have
on learning, and the pragmatic implications of the goal-driven learning model
(chapter 1). The remainder of the book is divided into two parts. The first is a
collection of recent research papers that serve as case studies in goal-driven
14
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learning. Each chapter addresses a piece of the goal-driven learning puzzle,
reflecting a particular research perspective from one of the several disciplines
that have been investigating this area in recent years. These works address
issues such as the justification of goal-driven learning models through
functional arguments about the role and utility of goals in learning (chapters
2-4), the justification of such models through cognitive results (chapters 5, 6,
14), goal-based processes for deciding what to learn (chapters 7 and 8) and
for guiding learning and the learning process (chapters 4, 7, 9-13), and
pragmatic implications of goal-driven learning for design of instructional
environments (chapters 14 and 15).
The second part of the book is based on the Symposium on Goal-Driven
Learning organized by David Leake and Ashwin Ram at the Fourteenth
Annual Conference of the Cognitive Science Society in Bloomington,
Indiana, in 1992. It presents an overview of the workshop discussion and a
collection of papers from the symposium panelists representing their
individual perspectives on fundamental issues and their proposals for fruitful
future directions in goal-driven learning research.
The chapters in this volume reflect both the diversity of goal-driven learning
research and the fundamental relationship of different approaches within the
broader goal-driven learning framework. Together, they provide a
comprehensive overview of recent research in goal-driven learning and
illuminate ongoing investigations and open issues to provide a foundation for
future study of goal-driven learning.
We would like to thank Betty Stanton for her enthusiasm and support for our
work on this volume and the anonymous reviewers for their detailed
comments on chapters in this volume, as well as on the composition of the
volume itself. Finally, the editors would like to take this opportunity to note
that the order of their names on this work was arbitrarily determined by the
flip of a coin.
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