490 CGOMPUTATIONAL INTELLIGENCE

FIGURE 3. Initial trace for the operator STACK(A,B).

have the expected qualitative shape. It is worth noting that the jury is still out on whether the
power law applies uniformly to cognitive skills as well as perceptual-motor skills. Matching
precise power-law improvement in problem solving has proved to be a difpcult task in general
for computational systems on OnaturalO problem-solving tasks (Neves and Anderson 1981;
Newell and Rosenbloom 1981). However, Ohlsson and Jewett (1997) in particular have
characterized the conditions under which various models can (or cannot) exhibit power-law
learning for certain abstract classes of problems.

The particular shapes of the curves from our experiments are indicative of bieekE
acquires and tunes its knowledge. The brst timaREKA sees a problem, most of its learning
involves adding new declarative structures to long-term memory. Before these structures exist,
EUREKA has little experience to help guide its search on the novel problem. On subsequent
trials, most of EIREKAOdearning involves adjusting the strengths of links that already exist
in memory. This leads to gradual improvement until the system reaches the point where it
Pnds solutions with almost no wasted search.

3.3. Intradomain Transfer

Another type of learning involves the improvement of problem-solving ability on difp-
cult problems in a particular domain after solving simpler problems from the same domain.
This is a classic type of learning that has been exploited by problem-solving systems that
use macro-operator formation (Fikes et al. 1972; lba 1989) rule composition (Anderson
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1983), chunking (Laird et al. 1987), or any type of mechanism that generates typical se-
guences from individual operators. Ohlsson and Rees (1991) have also investigated this type
of learning from a cognitive-modeling perspective. Approaches to intra-domain transfer rely
on the fact that difecult problems can be regarded as sequences of smaller, simpler problems.
The relevant psychological result on this type of learning is summarized by Iltem 6 in Table 1.
The result basically states there will be differences in improvement based on the order in
which a series of problems are presented.

The basic idea, from a computational standpoint, is that if one solves a simple problem
that involves a short sequence of operators, one can use that sequence of operators in the
future to solve the same problem without having to search for the solution again. This can
greatly reduce the amount of search involved in solving a new problem. This occurs when the
previously solved problem appears as a small piece of the new problem. The recorded solution
reduces the amount of work necessary to solve the new problem and therefore increases the
speed with which it is solved. In a system that does not search exhaustively, having a solution
to the small problem increases the probability that the difbbcult problem will be solved. This
is the primary type of learning that intelligent problem-solving systems exhibit, ardHa
also produces it through its hierarchical decomposition of problems.

Wetested our predictions by again measuringREKAOperformance on sets of problems
from the OTowers of HanoiO and Oblocks worldO domains. Each set contained problems of
increasing optimal solution length, the earlier problems providing solutions to pieces of
the later problems. In the control condition, we ran each problem separately, throwing out
any learned memory structures between each trial. For the test condition, we ordered the
problems by optimal solution length and ran them successively, allowing learning to take
place. In each caseUREKA was allowed only one trial (up to 50 attempts) per problem.
Figure 4 compares ERekAGsability to solve the OTowers of HanoiO problems under the

FIGURE 4. Improvement in number of attempts: solving OTowers of HanoiO problems in order of optimal
solution length.
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TaBLE 3.  Key Properties of the i REka Model

1. Experiences are initially stored verbatim as declarative memory structures.

2. Stroed experiences encode problem situation descriptions (which generally do not include deep
structures or relationships).

3. Links between existing memory structures are tuned based on past experience.

4. Links are tuned in response to specibc, successful retrieval episodes.

5. Retrieval is a process of spreading activation.

6. Activation sources can be concepts in the representation of a problem situation or concepts
grounded in perception.

7. All reasoning occurs through the analogical mapping of old problem situations to new ones.

underlying the architecture and trace their impact on the effects the architecture models. We
have listed BREKAOprimary design principles in Table 3. Figure 5 traces the relationships
between these principles and the target phenomena, summarizing the accounts provided in
the experimental presentation.

This study has also taught us other lessons. One major Pnding is that the memory lim-
itations we imposed had a dramatic effect on the problem solverOs ability to solve difbcult
problems. Most of our experiments involved problems from relatively simple domains, but
we found that EJREKA simply could not solve many problems of high complexity.

We do not view this as a limitation of the architecture, but it is interesting to speculate
on how EUREKA might be improved on more complex problems. It is possihl&eEkAOs
computational power arises from some of the design decisions we made, such as the use of
Bexible means-ends analysis or analogical search control for reasoning. However, because
these mechanisms were initially developed rREKA, both have been used in other problem-
solving systems (Jones and VanLehn 1991, 1994, Langley and Allen 1991; VanLehn, Jones,
and Chi 1992; Jones 1993; VanLehn and Jones 1993). These systems have demonstrated that
the mechanisms can solve difbcult problems in the absence of the kinds of memory limitations
that we imposed on BREKA. This leads us to the conclusion that memory limitations are
indeed the source ofdREkAOselatively poor problem-solving ability.

In spite of these limitations, BREKA was able to use a simple learning mechanism based
on the memory model to improve its behavior in various ways. In fact, it is able to account for
most of the robust psychological Pndings on learning in problem solving. This establishes an
explicit connection between memory and problem solving. Assuming that humans (and future
problem-solving systems working with massive knowledge bases) must deal with memory
limitations, EUREKA explains how memory can adapt to mitigate those limitations.

4.1. Related Work

The motivations in our work overlap with the design philosophy behind Soar (Laird
et al. 1987; Newell 1990). For many years, the Soar community has aimed to identify
a parsimonious set of functional mechanisms that can produce the full range of intelli-
gent behavior, including learning. However, even with its focus on parsimony, Soar incor-
porates more functional assumptions tharREKA. Perhaps the biggest difference lies in
SoarOs assumption that long-term knowledge consists of generalized associative patterns cast
as production rules. This representation has supported development of highly skilled models
that incorporate large amounts of intelligence, but it has also meant that, in practice, most
Soar models impose little or no limitations on working memory or retrieval of long-term
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FIGURE 5. Relationships between key properties afREKA and the learning phenomena thaitREKA
explains.

knowledge. In addition, the use of generalized relational patterns leads naturally to SoarOs an-
alytical learning mechanism, calling chunking, for composing such patterns. Combined with
appropriate knowledge, chunking has been able to reproduce a number of different styles of
learning, but inductive methods have proven quite difpcult to implement. In contrast, one of
EurekaOsore assumptions isot to include such powerful machinery. As a result, it stores
only problem-solving instances rather than generalized knowledge, and utilizes relatively
simple mechanisms for knowledge acquisition, generalization (via analogical retrieval and
mapping), and tuning, which are precisely the areas in which Soar has difpculties. Although
Soar is very strong for building knowledge-intensive systems, its assumptions alone may be
insufbcient to explain many learning phenomena with which we are concerned.

There is also some overlap between our goals and assumptions and those of the ACT
research program (Anderson 1976, 1983; Anderson and Lebiere 1998). A major difference
is that ACT models have generally provided detailed accounts of particular data, usually
with quantitative comparisons. To achieve this, various incarnations of the ACT architecture
have incorporated a variety of assumptions about processes and representations. The most



