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Abstract

Systems which introspect about their own processes
can improve their reasoning behavior in response to
experience using "introspective learning" techniques.
Many systems which perform introspective learning an-
alyze and change only an underlying domain task’s rea-
soning processes. They do not possess the ability to r~
flectively introspect about the introspective task itself.
We present a model of a truly reflective introspective
learning system which uses the same case-based reason-
ing mechanisms for both its domain and introspective
tasks. The reuse of case-based reasoning mechanisms
enables the reuse of introspective models and mecha-
nisms developed for a CBR domain reasoner to reflect
about the introspective process itself. We suggest an
introspective model capable of reflection, and begin to
address the issue of balancing introspection axtd action
~dthin a reflective system.

Introduction
Met, a-reasoning ..... reasoning that incorporates knowl-
edge of the task being addressed and methods for
achieving it -- has been used to predict the be-
havior of other agents (e.g., (Gurer, des Jardins, 
Schlager 1995)), to guide the acquisition and applica-
tion of domain knowledge (Bradzil & Konolige 1990;
Clancy 1988; Davis 1982), and to adjust the system’s
o~ reasoning processes in response to feedback about
its performance in its domain (Collins et al. 1993;
Ram & Cox 1994; Cox & Freed 1995; Stroulia & Goel
1995). This last application of meta-reasoning has been
referred to as "introspective reasoning:’ or "introspec-
tive learning."

Most work on introspective reasoning focuses on im-
proving the performance of an underlying reasoning sys-
tem on some domain task. Introspective reasoning is
rarely applied to the introspective reasoning process it-
self; the system is never fully "reflective." A reflective
system must be able to manipulate and reason about
its own processes, and alter its own processing behavior
(Ibrahim 1992). SOAR (Rosenbloom, Laird, & NewcU
1993b) can reflectively reason about the constructs it
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makes, but does not explicitly represent its introspec-
tive model of behavior and cannot necessarily introspect
about all of its mechanisms.

Incorporating reflection into an introspective leau~-
ing framework requires extending the system’s knowl-
edge about its reasoning processes to include the learner
itself. Unlike a system where introspection is only ap-
plied to an underlying task, a reflective introspective
learner must control when and to what extent intro-
spection occurs, so that it does not choose to spend all
its time constructing a reflective tower.

In this paper we present a preliminary model for re-
flective introspective learning, using case-based reason-
ing (CBR) techniques to implement both domain and
introspective processes. We explore the needs of such
a system for representing recta-cognitive reasoning pro-
cesses, and begin to address the balance between taking
action and introspecting, and the costs associated with
unrestricted reflection.

Our initial results suggest that the use of case-based
reasoning for introspective learning carries little over-
head compared to other methods. Monitoring of the
introspective process is feasible and requires little addi-
tions to an existing model of case-based processes. The
correct balance between reflecting and acting on the
domain task is still an open question, but we suggest
that reflective introspection be driven by necessity only:
By default, introspection should occur only at the basic
level, and reflections to higher levels should occur only
in failure situations when lower level introspection has
failed to resolve the problem.

Reflection
A system is reflective if it can shift the focus of its
processes from its basic "domain" task to the problem-
solving task itself (Smith 1982). Such a system can
construct an unbounded "reflective tower" of reason-
ing processes where each analyzes the process beneath
it. The idea of reflection has been applied to program-
ming language designs as well as artificial intelligence
reasoning systems (lbrahim 1992).

Ideally, a reflective system should use the same rea-
soning mechanisms at all levels of operation. It can
reason about its own processes, including the introspec-
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but still represents declaratively the entire reasoning
process at both domain and introspective levels.

Our work on RILS is still preliminary. We can see
already that the costs of reflection make it a dangerous
tool to use. It seems clear that the only real solution
at this point is to reflect only on an "as-needed" basis:
PAIRS will only reflect to a higher level when it cannot
solve the problem with a lower level of analysis. Future
work will examine the issue of controlling reflection in
more detail by comparing different control methods and
their resulting costs.
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