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Abstract

In open world applications a number of
machine-learning techniques may poten-
tially apply to a given learning situation. The
research presented here illustrates the com-
plexity involved in automatically choosing
an appropriate technique in a multistrategy
learning system. It also constitutes a step
toward a general computational solution to
the learning-strategy selection problem. The
approach is to treat learning-strategy selec-
tion as a separate planning problem with its
own set of goals, as is the case with ordinary
problem-solvers. Therefore, the manage-
ment and pursuit of these learning goals
becomes a central issue in learning, similar
to the goal-management problems associ-
ated with traditional planning systems. This
paper explores some issues, problems, and
possible solutions in such a framework.
Examples are presented from a multistrategy
learning system called Meta-AQUA.

1 Introduction

As machine learning research addresses more
sophisticated task domains, the learning issues
involved become increasingly complex. Multi-
strategy learning systems attempt to address the
complexity of such task domains by bringing to

bear many of the learning algorithms developed in
the last 20 years. Yet the goal of integrating vari-
ous learning strategies is a daunting one, since it is
an open question as how best to combine often
conflicting learning-mechanisms. The metaphor of
goal-driven problem solving, however, has been a
fruitful way in which to perform this integration.
Learning is viewed as simply another problem to
solve; the learning problem is formulated by post-
ing learning goals (such as goals to acquire a fact,
to answer a question, or to reconcile two divergent
assertions), and a plan is formed by choosing vari-
ous learning algorithms from a system’s repertoire
that can achieve such goals.

A number of complications arise in formulations
with conjunctive goals, however, such as goal con-
flicts, protection intervals, and many-to-many rela-
tionships between goals and algorithms. For
instance, a familiar goal conflict in planning sys-
tems is the brother-clobbers-brother goal interac-
tion, whereby the result of one plan that achieves a
particular goal undoes the result or precondition of
another plan serving a different goal. If a learning
goal specifies a state change to the background
knowledge of the system, rather than a state
change in the world, then learning plans can have
similar effects, whereby changes to knowledge
may undo previous changes to the background
knowledge performed by other learning algo-
rithms.
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This paper will illustrate such interactions (and
present a partial solution to the strategy selection
problem) with a multistrategy learning system
called Meta-AQUA. The performance task in
Meta-AQUA is story understanding. That is, given
a stream of concepts as the representation for a
story sequence, the task is to create a causally-con-
nected conceptual interpretation of the story. If the
system fails at its performance task, its subsequent
learning-subtasks are to (1) analyze and explain
what was the cause of its misunderstanding, (2)
deliberately form a set of goals to change its
knowledge so that such a misunderstanding is not
repeated on similar stories, and then (3) to select
or construct some learning method by which it
achieves these goals.

In more general terms, Ram and Cox (1994) have
argued that three fundamental learning-subtasks
must be solved for effective learning in an open
world where many sources of failure exist. The
subtasks are referred to as the credit- or blame-
assignment problem (Minsky, 1963), deciding
what to learn (Hunter, 1990; Keller, 1986; Ram,
1991; Ram & Hunter, 1992), and the strategy-
selection problem (Cox & Ram, 1991; Michalski,
1991). In operational terms, the following three
stages characterize our learning approach that
addresses these problems:

Blame assignment

Take as input a trace of the mental and physi-
cal events that led to or preceded a reasoning
failure; produce as output an explanation of
how and why the failure occurred, in terms of
the causal factors responsible for the failure.

The input trace describes how results or
conclusions were produced by specifying the prior
causal chain of mental and physical states and
events. The learner retrieves an abstract
explanation-pattern from memory and applies it to
the trace in order to produce an specific
description of why these conclusions were wrong
or inappropriate. This instantiation specifies the
causal links that would have been responsible for a
correct conclusion, and enumerates the difference
between the two chains and two conclusions (what
was produced and what should have been

produced). Finally, the learner outputs the
instantiated explanations.

Deciding what to learn

Take as input a causal explanation of how and
why a failure occurred; generate as output a
set of learning goals which, if achieved, can
reduce the likelihood of the failure repeating.

The previously instantiated explanation-pattern
assists in this process by specifying points in the
reasoning trace most likely to be responsible for
the failure. The learner includes with the output
both tentative goal-dependencies and priority
orderings on the goals.

Strategy selection

Take as input a trace of how and why a failure
occurred and a set of learning goals along
with their dependencies; produce as output an
ordered set of learning strategies to apply that
will accomplish the goals along with updated
dependencies on the set of goals.

These learning strategies are organized as plans to
accomplish the learning goals. The plans are
sequences of steps representing calls to specific
learning algorithms. The learner instantiates, then
executes the learning plans.

Previous publications have dealt with the blame
assignment stage (see Cox, 1993; Cox & Ram,
1991, 1992). This paper explores how learning
goals are spawned when deciding what to learn
(section 2) and how these goals are satisfied in the
strategy-selection phase (section 3). A straightfor-
ward system might forego such explicit learning
goals altogether, and instead directly map a failure
to a learning algorithm. The following discussion
explores, not only how learning goals are man-
aged, but what leverage is gained over and above a
direct mapping itself (section 4). The article con-
cludes with discussion (section 5).

2 Deciding What to Learn

Learning goals represent what a system needs to



know (Ram, 1991, 1993; Ram & Hunter, 1992)
and are spawned when deciding what to learn.
Learning goals help guide the learning process by
suggesting strategies that would allow the system
to learn the required knowledge.1 Given some fail-
ure of a reasoner, the overall task of the learning
system is to adjust its knowledge so that such rea-
soning failures will not recur in similar situations.2

The learner is therefore modeled as a planning sys-
tem that spawns goals to achieve this task (Hunter,
1990; Ram & Hunter, 1992).3 The learner subse-
quently attempts to create plans resulting in
desired new states of its background knowledge4

that satisfy these goals. The central object of learn-
ing, is to take advantage of reasoning failures, con-
verting them into opportunities to improve the
system’s performance.

Learning goals deal with the structure and content
of knowledge, as well as the ways in which knowl-
edge is organized in memory. Some learning goals
seek to add, delete, generalize or specialize a given
concept or procedure. Others deal with the ontol-
ogy of the knowledge, that is, with the kinds of
categories that constitute particular concepts.
Many learning goals are unary in that they take a
single target as argument. For example, a knowl-
edge acquisition goal seeks to determine a single
piece of missing knowledge, such as the answer to
a particular question. A knowledge refinement goal
seeks a more specialized interpretation for a given
concept in memory, whereas a knowledge expan-
sion goal seeks a broader interpretation that
explores connections with related concepts. Other
learning goals are binary in nature since they take

1. Learning goals also facilitate opportunistic learning (see
Ram, 1991; 1993; Ram & Hunter, 1992).

2. The learner could also adjust its circumstances in the
physical world, such as placing items in a cupboard in the
same place to aid memory retrieval. This paper, however,
will not entertain such possibilities. See Hammond (1990)
for an approach to such task interactions and associated
learning.

3. See also Redmond (1992) and Quilici (in press) for addi-
tional applications of this approach.

4. The background knowledge includes more than simple
domain knowledge. It can also contain knowledge such as
metaknowledge, heuristic knowledge, associative knowl-
edge, and knowledge of process.

two arguments. A knowledge differentiation goal
is a goal to determine a change in a body of knowl-
edge such that two items are separated conceptu-
ally. In contrast, a knowledge reconciliation goal is
one that seeks to merge two items that were mis-
takenly considered separate entities. Both expan-
sion goals and reconciliation goals may include/
spawn a knowledge organization goal that seeks to
reorganize the existing knowledge so that it is
made available to the reasoner at the appropriate
time, as well as modify the structure or content of
a concept itself. Such reorganization of knowledge
affects the conditions under which a particular
piece of knowledge is retrieved or the kinds of
indexes associated with an item in memory.

A program called Meta-AQUA was written to test
our theory of explanation, understanding, and
learning. Given the short story below (taken from
Ram & Cox, 1994), the system attempts to under-
stand each sentence by incorporating it into its cur-
rent story representation, explain any anomalous
or interesting features of the story, and learn from
any reasoning failures.

S1: A police dog sniffed at a passenger’s
luggage in the Atlanta airport terminal.

S2: The dog suddenly began to bark at the
luggage.

S3: The authorities arrested the passenger,
charging him with smuggling drugs.

S4: The dog barked because it detected two
kilograms of marijuana in the luggage.

Numerous inferences can be made from this story,
many of which may be incorrect, depending on the
knowledge of the reader. Meta-AQUA’s back-
ground knowledge includes general facts about
dogs and sniffing, including the fact that dogs bark
when threatened, but it has no knowledge of police
dogs. It also knows cases of gun smuggling, but
has never seen drug interdiction. The learning task
in Meta-AQUA is to learn from failures, incre-
mentally improving its ability to interpret new sto-
ries.

In the above story, sentence S1 produces no infer-
ences other than sniffing is a normal event in the



life of a dog. However, S2 produces an anomaly
because the system’s definition of “bark” specifies
that the object of a bark is animate. So the program
(incorrectly) believes that dogs bark only when
threatened by animate objects (see Figure 15 for
the representation produced by Meta-AQUA dur-
ing blame assignment). Since luggage is inani-
mate, there is a contradiction, leading to an
incorporation failure. This anomaly causes the
understander to ask why the dog barked at an inan-
imate object. It is able to produce but one explana-
tion: the luggage somehow threatened the dog.

S3 asserts an arrest scene which reminds Meta-
AQUA of an incident of weapons smuggling by
terrorists; however, the sentence generates no new
inferences concerning the previous anomaly.
Finally, S4 causes the question generated by S2,
“Why did the dog bark at the luggage?” to be
retrieved. Instead of revealing the anticipated
threatening situation, S4 offers another hypothesis:
“The dog detected drugs in the luggage.”

The system characterizes the reasoning error as an
expectation failure caused by the incorrect
retrieval of a known explanation (“dogs bark when
threatened by objects,” erroneously assumed to be
applicable), and a missing explanation (“the dog
barked because it detected marijuana,” the correct
explanation in this case). During blame assign-
ment Meta-AQUA uses this characterization to
produce the explanation of its reasoning error, as
shown in Figure 1. This composite meta-explana-
tion consists of three parts: a Novel-Situation cen-
tered about “Retrieval Failure,” an Erroneous-
Association centered about “Expectation Failure”
and an Incorrect-Domain-Knowledge centered
about “Incorporation Failure.”

Faced with the structure of the reasoning error pro-

5. Attributes and relations are represented explicitly in this
figure. For instance, the ACTOR attribute of an event X
with some value Y is equivalent to the relationACTOR hav-
ing domain X and co-domain Y. In addition, all refer-
ences to TRUTH attributes equal to out refer to the
domain being out of the current set of beliefs. See Ram &
Cox (1994) for further representational details. The “Inter-
nal Structures Window” in Figure 2  shows the top-level
frame representation corresponding to Figure 1.

duced by the blame-assignment phase, the learner
must determine the learning goals for the system.
First, since the seemingly anomalous input
(marked “Old Input” in Figure 1) has been incor-
porated in the story and later reinforced by the
coherence of the story structure, and since no con-
tradictions occurred as a result of this inference,
the learner posts a knowledge reconciliation goal.
The goal is to adjust the background knowledge so
that neither dogs barking at animate objects nor
dogs barking at inanimate objects will be consid-
ered anomalous by the understander. This learning
goal is appropriate because even though one item
is an instantiated token (a particular dog barked at
a specific inanimate object), while the other is a
type definition (concept specifying that dogs gen-
erally bark at animate objects), they are similar
enough to each other to be reconcilable.

Secondly, given that an expectation failure trig-
gered the learning, and (from the blame assign-
ment phase) given that it resulted from the
interaction of misindexed knowledge and a novel
situation, Meta-AQUA posts a goal to differentiate
between the two explanations for why the dog
barked (nodes M and M′ in Figure 1). Since the
conflicting explanations are significantly different
(for example they do not share the same predicate,
i.e., detect versus threaten), a knowledge-differen-
tiation goal is licensed, rather than a goal to recon-
cile the two types of explanations. The target is to
make it possible for the system to properly retrieve
the right kinds of explanations in the right kinds of
situations. The original misunderstanding of the
story occurred, not because the explanation that
dogs bark when threatened is incorrect in general,
but rather because the system did not know the
proper conditions under which this explanation is
appropriate.

In addition to posting these two learning goals,
Meta-AQUA places a tentative ordering on their
execution (see Figure 2 for program output when
deciding what to learn). With no other specific
knowledge concerning their respective relations, a
good default heuristic is to order them by temporal
order of the failures involved in the original rea-
soning trace. The reason this may be useful is that
if it is determined that the first failure was indeed
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not an error but a misunderstanding or was caused
by faulty input, then the reasoning that followed
from the first failure (or other assumptions
depending on the nature of the first failure that led
to the second) may have contributed to the cause
of the second. Thus, learning acquired from the
first failure may show that the subsequent reason-
ing was irrelevant, or it may yield more informa-
tion to be used on the second goal. Therefore, the
decide-what-to-learn stage outputs the knowledge-
reconciliation goal with priority over the knowl-
edge-differentiation goal.

3 Strategy Selection and Combination

In the strategy-selection stage, a learning plan is
constructed to realize the learning goals posted by

the previous stage (see Figure 2 for program out-
put during strategy selection phase). This entails
not only choosing the algorithms and operators to
achieve the learning goals, but possibly also
spawning new subgoals. To help the system create
a plan for a learning goal with two arguments, the
following types of questions can be posed about
the reasoning chain. For example, with the knowl-
edge-differentiation goal, the focus starts at the
error that triggered the introspective-explanation
episode, that is, at the expectation failure. Given
that the reasoner expected explanation E to be cor-
rect, but later decides that A2 is the actual explana-
tion, the system needs to determine:

Was the actual explanation, A2, foresee-
able?

If so, was A2 considered?

Is there still a possibility that A2 is not

Figure 2: Meta-AQUA output and frame representation of the
meta-explanation used in example story

•

•
•



actually the correct explanation?

How confident is the system in A2 or any
input associated with establishing A2?

How confident is the system that the
expected explanation, E, is incorrect?

How much experience does the system
have with A2 and E’s abstract progenitors?

The answers to these questions enable the system
to choose learning algorithms, strategies, or opera-
tors. For example, since the explanation provided
by the story (A2) provides more coherence to the
understanding of the story, the system can assume
that there is no error in the input. However, because
the system has no prior experience with the
instance (and thus the system neither foresaw nor
considered the explanation), the learner can post
another goal to expand the concept, thus producing
M′. Explanation-based generalization (EBG)
(DeJong & Mooney, 1986; Mitchell, Keller &
Kedar-Cabelli, 1986) can then be selected as an
appropriate learning algorithm.

A more difficult problem is to differentiate the
applicability conditions for the two generalized
explanations (M′, the one produced by generaliz-
ing the detection explanation, A2, and M, the orig-
inal abstract pattern that produced the initial
threaten explanation, E) by modifying the indexes
(I′ and I) with which the system retrieves those
explanations. If the two problems of erroneous
association and novel situation were to be treated
independently, rather than as a problem of interac-
tion, then an indexing algorithm would not be able
to ensure that the two explanations would remain
distinct in the future. That is, if the learner simply
detects a novel situation and automatically gener-
alizes it, then indexes it by the salient or causal
features in the explanation, and if the learner inde-
pendently detects an erroneous retrieval, and re-
indexes it so that the same context will not retrieve
it in the future, then there is no guarantee that the
resultant indexes will be mutually exclusive.
Instead, the system must re-index E with respect to
A2, not simply with respect to the condition with
which E was retrieved. Therefore, a direct map-
ping from blame assignment to strategy selection
without the mediation of learning goals is prob-
lematic.

The problems to be solved, then, are those of
determining the difference between A2 and E, and,
in the light of such differences, of computing the
minimal specialization of the index of E and the
maximally general index of A2 so that they will be
retrieved separately in the future. In the case of the
story above, the problem is somewhat simplified.
The difference is that retrieval based on the actor
relation of barking actions (dogs) is too general.
The threaten explanation applies when dogs bark
at animate objects, while the detection explanation
is appropriate when dogs bark at containers.

The knowledge-reconciliation goal between the
concept definition of dog-barking being limited to
objects that are animate and the fact that a particu-
lar dog barked at a piece of luggage can be thought
of as a simple request for similarity-based learning
(SBL) or inductive learning (for example,
UNIMEM’s SBL algorithm in Lebowitz, 1987 or
abstraction transmutation as in Michalski, 1994).
The system is simply adding an additional positive
example to the instances seen. An incremental
algorithm is required because this instance has
been discovered after an initial concept has been
established some time in the past.

An interesting interaction can occur, however, if
the system waits for the result of the EBG algo-
rithm required by the knowledge-expansion sub-
goal spawned by the knowledge-differentiation
goal discussed above. The algorithm will general-
ize the explanation (that this particular dog barked
at a particular piece of luggage because it detected
marijuana) to a broader explanation (that dogs in
general may bark at any container when they
detect contraband). Thus, the example provided to
the inductive algorithm can be more widely inter-
preted, perhaps allowing its inductive bias to gen-
eralize the constraint, C, on the object of dog-
barking to physical-object (the exhaustive
case of animate-object and inanimate-
object), whereas a single instance of a particular
breed of dog barking at a specific brand of lug-
gage, A1, may limit the inductive inference if no
additional domain knowledge is available.

Unfortunately, however, because the EBG algo-
rithm uses the representation of the dog-bark defi-

•

•

•



nition, and the inductive algorithm changes this
definition, the induction must occur first. Thus, the
learner cannot take advantage of the previously
cited opportunity. One important implication of
this point is that in systems which plan to learn, if
the reasoner does not anticipate this second inter-
action (thus placing EBG before the induction),
the system must be able to perform dynamic back-
tracking on its decisions.

To notice these types of interactions, however,
requires a least-commitment approach such as that
used in a non-linear hierarchical planner like
NOAH (Sacerdoti, 1975). Likewise, the system
must realize that any indexing performed by an
algorithm that is based on features of the dog-
barking concept must follow any changes to the
concept resulting from the inductive algorithm.
Therefore, the final learning plan is to perform an
abstraction transmutation on the new example of
dog barking (realizing that dogs bark at contain-
ers), perform EBG on the new explanation (pro-
ducing a generalized version), and finally, using
the new concept definition to mutually differenti-
ate and index the two generalized explanations of
why dogs bark.

A subsequent story, such that a police officer and a
K-9 enter a suspect’s house, the dog barks at a gar-
bage pail, and the suspect is arrested for posses-
sion of some marijuana found in the pail, causes
no anomaly. Indeed, Meta-AQUA expects some
type of contraband to be found in the container
after it reads that the dog barked, but before it is
told of its existence in the story. Therefore, the
learning improves both understanding and predic-
tion.

4 Advantages of Mediation by Learning
Goals

The planning and problem-solving literature sug-
gest that use of explicit goals have many benefits
over ad hoc processing. Many of these benefits
apply to leaning-goal processing as well as stan-
dard-goal processing. Some of the advantages of
implementing the mechanisms between the blame-

assignment and strategy-selection stages by way
of learning goals is as follows:

1. Decouples many-to-many relationships.

For a given failure there may be more than
one algorithm which needs to be applied for
learning. Conversely, a given algorithm may
apply to many different types of failures.
The direct mapping of the possibilities (from
blame to choosing an algorithm) is more dif-
ficult and less flexible than the use of learn-
ing goals.

2. Allows an opportunistic approach to solving
learning problems.

It is not always guaranteed that sufficient
resources and/or knowledge are available to
perform learning at the time that a system
realizes that it needs to learn. When this con-
dition occurs it is possible to index the learn-
ing goal in memory so that it can be
retrieved at a later time when these require-
ments are met.

3. Allows chaining, composition, and optimiza-
tion of the means by which learning goals
are achieved.

For example, one algorithm may achieve
two or more goals, whereas in other cases,
many strategies may apply to a single goal.
If more than one plan applies, a system
should use the one which may contribute to
the maximum achievement of other goals
with the minimum amount of resource con-
sumption.

4. Allows detection of dependency relation-
ships so that goal violations can be avoided.

It is important to recognize that when multi-
ple items are learned from a single episode,
the changes resulting from one learning
algorithm may affect the knowledge struc-
tures used by another algorithm. Such
dependencies destroy any implicit assump-
tion of independence built into a given learn-
ing algorithm used in isolation. For example,
the definition of dogs barking is modified by
Meta-AQUA so that its constraint on those



objects at which dogs bark is generalized to
physical-object from animate-
object. However, any indexing based on
the attribute associated with what dogs bark
at must occur after this modification, rather
than before it, to avoid indexing on obsolete
conceptual knowledge.6

5 Conclusions

To recover from failure and to improve perfor-
mance in open-world task domains, it is necessary
to perform multistrategy learning; single-strategy
systems are not sufficient in general. We claim that
to perform multistrategy learning, a system must
consider a number of factors that are not signifi-
cant in single-strategy learning systems. In partic-
ular, a system must be able to handle insufficient
resources and knowledge and manage dependency
relations between learning algorithms at run-time.
Many alternative solutions and interactions may
occur, even when reasoning about simple situa-
tions. Treating the learner as a planner is a princi-
pled way to confront these difficulties. Many of
the techniques and results from the planning litera-
ture7 can be appropriated in multistrategy systems
to provide a better level of robustness and cover-
age in situations where many types of failure may
occur. The aim is to transform these failures into
opportunities to learn and thus improve the sys-
tem’s performance.

Future research is directed toward incorporating
more learning strategies. One of the weak points
of the current system is that it reasons during
learning at the macro-level. Meta-AQUA recog-
nizes the functional difference between generali-
zation and specialization and therefore can choose

6. This result supersedes the conjecture by Ram & Hunter
(1992) that, unlike standard planning techniques, interac-
tions and dependencies do not occur with learning goals.

7. One interesting approach to dealing with task interaction
in planning domains appears in this volume. To repair its
own planning mechanisms, Freed & Collins (1994) show
that a learner can use self-knowledge along with an under-
standing of its planning failures that result from task inter-
actions in the performance domain.

an appropriate algorithm based on which algo-
rithm is most appropriate. For example, it cannot
currently select between competing algorithms
that both perform generalization. Meta-AQUA
does not reason at the micro-level, as do systems
that address the selective-superiority problem8 in
inductive learning (see, for instance, Brodley,
1993; Provost & Buchanan, 1992; Schaffer, 1993),
although the scope of learning problems solved by
Meta-AQUA is far greater than these other sys-
tems.

The Meta-AQUA system has demonstrated that
the problem-solving metaphor can successfully be
applied to learning as well as planning and other
reasoning activities. The use of explicit learning
goals guide the system’s inferences and provide all
of the benefits analogous to goal-driven planning
and problem solving. Unfortunately there are simi-
lar complexities as well, such as goal conflicts.
The use of specific learning goals, however, make
the management of such difficulties tractable.
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