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Abstract

In case-based reasoning systems, several learning techniques may apply to a given situation. In a failure-
driven learning environment, the problemssivhtegy selection are to choose the best set of learning algo-
rithms or strategies that recover from a processing failure and to use the strategies to modify the system’
background knowledge so that the failure will not repeat in similar future situations. A solution to this prob-
lem is to treat learning-strategy selection as a planning problem with its own set of goals. Learning goals, as
opposed to ordinary goals, specify desired states in the background knowledge of theraharethan

desired states in the external environment of the plaBu¢ras with traditional goal-based planners, man-
agement and pursuit of these learning goals becomes a central issue in learning. Examples are presented
from a multistrategy learning system called Meta-AQUA that combines a case-based approach to learning
with nonlinear planning in the knowledge space.

1 Introduction

As case-based reasoning (CBR) research addresses more sophisticated task domains, the associated learning issues
involved become increasingly complex. Multistrategy learning systems attempt to address the complexity of such
task domains by bringing to bear many of the learning algorithms developed in the last twentyeyehesg¥al of

integrating various learning strategies is a daunting one, since it is an open question as how best to combine often
conflicting learning-mechanisms. This paper examines the metaphor of goal-driven problem-solving as a tool for per-
forming this integration. Learning is viewed as simply another problem to solve; the learning problem is formulated

by posting learning goals (such as goals to answer a question or to reconcile tgendiassertions). A plan is
assembled by choosing various learning algorithms from the sgstep@rtoire that can achieve such goals.

In formulations with conjunctive goals, howeyeumerous dffculties arise such as goal conflicts, protection inter-

vals, and many-to-many relationships between goals and algorithms. For instance, a familiar goal conflict in planning
systems is the “brothedobbers-brother” goal interaction (Sussman, 1975), whereby the result of one plan that
achieves a particular goal undoes the result or precondition of another plan senfiegatdjbal. 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 similafexts. Changes to specific knowledge mdgafprevious changes to the back-

ground knowledge performed by other learning algorithms.

This paper illustrates such interactions 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 connected conceptual interpretation of. thhes&iory-understanding
strategies available to the system are CBR, anabogy explanation. If the system fails at its performance task, its
subsequent learning-subtasks areb{ine assignment — use case-based methodologies to analyze and explain the
cause of its misunderstanding by retrieving past cases of meta-reasondegid@jvhat to learn — use these cases

to deliberately form a set of learning goals to change its knowledge so that such a misunderstanding is not repeated on
similar stories, and then (Rrategy selection — use nonlinear planning techniques to choose or construct some learn-

ing method by which it achieves these goals. These stages are detailed in Figure 1.



Previous publications have dealt with the blame assignment stage (Cox, 1993; Cox & Ram, 1992; Ram & Cox,
1994). 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 simpler system might forego explicit learning-goals
altogether, and directly map a failure to a learning algorithm. The discussion of Section 3 explores, not only how
learning goal s are managed, but what leverage is gained over and above a direct mapping itself. The paper’s conclu-
sion (Section 4) specifies the relation between the Meta-AQUA system and traditional CBR approaches and discusses
related systems, limitations with MetaeAQUA, and areas for future research.

0. Perform and Record Reasoning in Trace
1. Failure Detection on Reasoning Trace
2. If Failure Then
Learn from Mistake:
* 2a. Blame Assignment
Compute index as characterization of failure

Retrieve Meta-XP S1: A police dog sniffed at a
Apply Meta-XP to trace of reasoning passenger’s luggage in the Atlanta
If XP application is successful then airport terminal.
Check XP antecedents
If ?L‘t’io%’p'zcotﬁe”gsgssﬁg‘:ir?ge“eved then S2: The dog suddenly began to bark at
GOTO step 0 the luggage.
Else GOTO step 0
* 2 b. Create Learning Goals S3: The authorities arrested the
Compute tentative goal priorities passenger, charging him with
+ 2 c. Choose Learning Algorithm(s) smuggling drugs.
Translate Meta-XP and goals to predicates
Pass goals and Meta-XP to Nonlin S4: The dog barked because it detected
Translate resultant plan into frames two kilograms of marijuana in the
» 2 d. Apply Learning Algorithm(s) luggage.
Interpret plan as partially ordered network of
actions such that primitive actions are
algorithm calls
3. Evaluate Learning (not implemented)
Figure 1: Meta-:AQUA's learning algorithm Figure 2: The drug-bust story

2 Deciding What to Learn

Learning goals represent what a system needs to know (Ram, 1991; 1993; Ram & Hunter, 1992; Ram & Leake, in
press) 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 failure of areasoner, the task of
the learning system is to adjust its knowledge so that such reasoning failures will not recur in similar situations.? The
learner is therefore modeled as a planning system that spawns goals to achieve this overall task (Hunter, 1990; Ram
& Hunter, 1992). The learner subsequently attempts to create plans resulting in desired new states of its background
knowl edge3 that satisfy these goals. The overall aim is to turn reasoning failures into opportunities to learn and to
improve the system’s performance.

1. Learning goals also facilitate opportunistic learning (see Ram, 1991; 1993; Ram & Hunter, 1992), that is, if all information nec-
essary for learning is not available at the time it is determined what is needed to be learned (e.g., when a question is posed), then a
learning goal can be suspended, indexed in memory, and resumed at a later time when the information becomes available.

2. The learner could aso 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 |earning.

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



Learning goals deal with the structure and content of knowledge, as well as the ways in which knowleggdge is or
nized in memorySome learning goals seek to add, delete, generalize or specialize a given concept or procedure. Oth-
ers deal with the ontology of the knowledge, i.e., with the kinds of categories that constitute particular concepts.
Many learning goals are unary in that they take a singiettars ayjument. For example, lmowledge acquisition

goal seeks to determine a single piece of missing knowledge, such as the answer to a particular qlestidn. A

edge efinement goateeks a more specialized interpretation for a given concept in meni@seas &nowledge
expansion goaseeks a broader interpretation that explores connections with related concepts. Other learning goals
are binary in nature since they take twguements. Aknowledge diffemntiation goalis a goal to determine a change

in a body of knowledge such that two items are separated conceptuatintrast, &nowledge econciliation goals

one that seeks to nggr two items that were mistakenly considered separate entities. Both expansion goals and recon-
ciliation goals may include/spawrkaowledge aganization goathat seeks to reganize 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 reaganization of knowledge f&icts 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 (Ram & Cox, 1994) was written to test our theory of understanding, explanation and
learning. Given the drug-bust story of Figure 2, the system attempts to understand each sentence by incorporating it
into its current story representation, explain any anomalous or interesting features of thendtéegrn from any
reasoning failures. Numerous inferences can be made from thisnstory of which may be incorrect or incomplete,
depending on the knowledge of the reafibeta-AQUASs background knowledge includes general facts about dogs

and snifing, 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 fail-
ures, incrementally improving its ability to interpret new stories.

In the drug-bust storysentence S1 produces no inferences other than thiiigsisfa normal event in the life of a

dog. HoweverS2 produces an anomaly because the systafinition 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 3
for the representatiérproduced by Meta-AQUA during blame assignment). Since luggage is inanimate, there is a
contradiction, leading to an incorporation failure. This anomaly causes the understander to ask why the dog barked at
an inanimate object. It is able to produce but one explanation: the luggage somehow threatened the dog.

S3 asserts an arrest scene which reminds Meta-AQUA of a past case of weapons smuggling by terrorists; however
the sentence generates no new inferences concerning the previous aRomalyyS4 causes the question generated

by S2, “Why did the dog bark at the luggage?” to be retrieved. Instead of revealing the anticipated threatening situa-
tion, S4 ofers 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 explana-
tion (“the dog barked because it detected marijuana,” the correct explanation in this case). During blame assignment,
Meta-AQUA uses this characterization as an index to retrieve an abstract case called a Meta-XP (Ram & Cox, 1994)
that is applied to a trace of the reasoning that produced the failure. The instantiation results in an explanation of its
reasoning errgras shown in Figure 3. This composite meta-explanation consists of three parts: a Novel-Situation
centered 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 produced by the blame-assignment phase, the learner determines the
learning goals for the system. First, since the seemingly anomalous input (marked “Old Input” in Figure 3) has been
incorporated in the story and later reinforced by the coherence of the story structure, and since no contradictions
occurred as a result of this inference, the learner posts a knowledge reconciliation goal. The goal is to adjust the back-
ground knowledge so that neither dogs barking at animate objects nor dogs barking at inanimate objects will be con-
sidered anomalous by the understandéris learning goal is appropriate because even though one item is an

4. Attributes and relations are represented explicitly in Meta-AQUA and in this figure. For instar®€T @reattribute of an

event Dog-bark.12 with the value Dog.4 is equivalent to the explicitly represented relati@RAZIThaving @onmai n value of
Dog-bark.12 and eo- domai n value of Dog.4. In addition, all referencesSIRUTH attributes equal tout refer to thedomai n

being out of the current set of beliefs. See Cox (1993) and Ram & Cox (1994) for further representational details. The “Internal
Structures Wdow” of Figure 4 shows the top-level frame representation corresponding to Figure 3.



instantiated token (a particular dog barked at a specific inanimate object), while the other is atype definition (concept
specifying that dogs generally bark at animate objects), they are similar enough to each other to be reconcilable.
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Figure 3: Instantiated composite meta-explanation

Secondly, given that an expectation failure triggered the learning, and (from the blame assignment phase) given that
the failure resulted from the interaction of misindexed knowledge and a novel situation, Meta-AQUA posts agoa to
differentiate between the two explanations for why the dog barked (nodes M and M’ in Figure 3). Since the conflict-
ing explanations are significantly different (for example, they do not share the same predicate, i.e., detect versus
threaten), a knowledge-differentiation goa is licensed, rather than a goa to reconcile the two types of explanations.
The differentiation goal is achieved if the system can retrieve proper explanations given various situations. The orig-
inal 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 applies.



LEARNING PHASE . ..

Found explanation
IMXP-NOVEL-SITUATION-ALTERNATIVE-REFUTED.

Blame assignment has produced explanation of reasoning failure:
IMXP-NOVEL-SITUATION-ALTERNATIVE-REFUTED.1533

Deciding what to learn.

Posting the following learning goals:
(KNOWLEDGE-RECONCILIATION-GOAL.1586 KNOWLEDGE-DIFFER
ENTIATION-GOAL.1591)
with priorities (EIGHT.0 SEVEN.0)

Selecting learning strategies.

The following algorithms are selected:
(LEARNING-PROCESS. 1583 LEARNING-PROCESS.1584 LEARNING-PR
OCESS.1585)

Executing strategies.

Perform abstraction to (PHYSICAL-OBJECT)
on conceptual definition of BARK.

Performing EBG on explanation BECAUSE.268.
resulting in general explanation BECAUSE.1608.

e A A
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(QUESTION ACTOR.381)

(A2 BECAUSE.268)

{E ¥P-DEFENSIVE-BARK.321)
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Figure 4: Meta- AQUA output and frame representation of the meta-explanation used in example story

In addition to posting these two learning goals, Meta-AQUA places a tentative ordering on their execution (see Fig-
ure 4 for program output when deciding what to learn). With no other specific knowledge concerning their respective
relations, agood default heuristic is to order them by temporal order of the failuresinvolved in the original reasoning
trace. The reason this may be useful isthat if it is determined that the first failure wasindeed not an error but amisun-
derstanding or was caused by faulty input, then the reasoning that followed from the first failure (or other assump-
tions 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 reasoning was irrelevant, or it
may yield more information to be used on the second goal. Therefore, the decide-what-to-learn stage outputs the
knowledge-reconciliation goal with priority over the knowledge-differentiation goal.

3 Strategy Selection and Combination

In the strategy-sel ection stage, Meta-AQUA constructs alearning plan to realize the learning goals posted by the pre-
vious stage (see Figure 4 for program output during strategy selection phase). This entails not only choosing the algo-
rithms and operators to achieve the learning goals, but perhaps also spawning new subgoals. To help the system
create a plan for alearning goal with two arguments, the following types of questions can be posed about the reason-
ing chain. For example, with the knowledge-differentiation goal, the focus starts at the error that triggered the intro-
spective-explanation episode, that is, at the expectation failure. Given that the reasoner expected explanation E to be
correct, but later decidesthat A is the actual explanation, the system needs to determine:

* Was the actual occurrence, A,, foreseeable?
* If so, was A, considered?
* Isthere still apossibility that A, isincorrect?



* Isthere still apossibility that E is correct?
» How confident isthe systemin A, or any of the input associated with establishing A,?
» How much experience does the system have with A, and E’s abstract progenitors?

The answers to these questions enable the system to choose learning algorithms, strategies, or operators. For exam-
ple, since the explanation provided by the story (A,) provides more coherence to the understanding of the story, the
system assumes 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 posts another goal to
expand the concept, thus producing M’ Explanation-based generalization (EBG) (DeJong & Mooney, 1986; Mitch-
ell, Keller & Kedar-Cabelli, 1986) can then be selected as an appropriate learning algorithm.

A more difficult problem isto differentiate the applicability conditions for the two generalized explanations (M', the
one produced by generalizing the detection explanation, A,, and M, the original abstract pattern that produced theini-
tial 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 prob-
lem of interaction, then an indexing agorithm 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 generalizes it, then
indexes it by the salient or causal features in the explanation, and if the learner independently 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 A,, not simply with
respect to the condition with which E was retrieved. Therefore, a direct mapping from blame assignment to strategy
selection without the mediation of learning goals is problematic.

The problems to be solved, then, are determining the difference between A, and E, and, in the light of such differ-
ences, computing the minimal specialization of the index of E and the maximally general index of A, so they will be
retrieved separately in the future. In the case of the story above, the problem is somewhat simplified. The differenceis
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 conceptual definition of dog-barking being limited to animate objects
and the fact that a particular 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 abstrac-
tion transmutation as in Michalski, 1994). The system is simply adding an additional positive example to the
instances seen. Anincremental 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 algorithm required by the
knowledge-expansion subgoal spawned by the knowledge-differentiation goal discussed above. The algorithm will
generalize the explanation (that this particular dog barked at a particular piece of luggage because it detected mari-
juana) 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 interpreted, perhaps allowing its inductive bias
to generalize the constraint, C, on the object of dog-barking to physi cal - obj ect (the exhaustive case of ani -

mat e- obj ect andi nani mat e- obj ect ), whereas asingle instance of aparticular breed of dog barking at a spe-
cific brand of luggage, A1, may limit the inductive inference if no additional domain knowledge is available.

Unfortunately, however, because the EBG a gorithm uses the representation of the dog-bark definition, and the induc-
tive algorithm changes this definition, the induction must occur first. Thus, the learner cannot take advantage of the
opportunity cited in the previous paragraph. One important implication of this point is that in systems which plan to
learn, if the reasoner does not anticipate this second interaction (thus placing EBG before the induction), the system
must be able to perform dynamic backtracking on its decisions.

To notice these types of interactions, however, requires aleast-commitment approach such asthat used in anon-linear
hierarchical planner like Nonlin (Ghosh, Hendler, Kambhampati, & Kettler, 1992; Tate, 1976). Likewise, the system
must detect any dependency relationships so that goal violations can be avoided. For example, when the definition of
dog-barking is modified by generalizing its constraint of what dogs bark at to physi cal - obj ect from ani -
mat e- obj ect , any indexing based on the modified attribute must occur after this modification, rather than before
it, to avoid indexing with obsolete conceptual knowledge.®



Figure 5 shows a learning-operator definition for the indexing strategy that manages mutual indexing between two
concepts. The operator schema determines that both items must be independently indexed before they are indexed
with respect to each other. The action schema hasfilter conditions that apply when both are indexed and both are XPs.
An unsupervised condition specifies that if there exists a change in the explained action, then it must occur before the
execution of this schema. That is, a linearization must be performed on external goals to reorder any other schema
that may establish the change. It says in effect that we want all attributes of the target concept to be stable before it
operates on the concept; no other operator can change an attribute in order for the changes performed by indexing to
be unaffected. Note that the action schema of abstraction in Figure 6 has an effect that includes such a change to its
addlist. Therefore, if both schemas are being instantiated, Nonlin will automatically order the abstraction before the
indexing. A similar unsupervised condition prevents generalization from occurring before the concept is stable.

(opschema nut ual -i ndex- op (actschema do- nut ual - xp-i ndexi ng

:todo (index-wt-item ?x ?y) :todo (index-dual-itenms ?x ?y)

:expansi on ( cexpansion ( (stepl :primtive )
(stepl :goal (indexed ?x)) L (performnutual -i ndexi ng ?x ?y)))
(step2 :goal (indexed ?y)) :conditions ( )
(step3 :action (:use-when (indexed ?x) :at stepl)

(i ndex-dual -itens ?x ?y))) :use-when (indexed ?y) :at stepl)

(
rorderings( (:use-when (isa xp ?x) :at stepl)
(stepl -> step3) (:use-only-for-query
(step2 -> step3)) (expl ai ns ?expl ai ns-node ?x)
:conditions ( cat stepl)
(:precond (indexed ?x) (:use-only-for-query
cat step3 :fromstepl) (domai n_?expl ai ns- node
(:precond (indexed ?y) ?expl ai ned- acti on)
cat step3 :fromstep2) cat stepl) ) )
(:use-when (not (equal ?x ?y)) (:unsuperv (changed true ?expl ai ned-action)
;at stepl)) ;at stepl)
reffects
rvariables (?x ?y)) reffects (

(stepl :assert (indexed-wt ?x ?y))
(stepl :assert (indexed-wt ?y ?x)))
rvariables (?x ?y ?expl ai ns-node ?expl ai ned-action))

Figure 5: Mutual-indexing schemas

(act schenma do-abstracti on-change

:todo (abstracted ?rl1 ?r2)

rexpansion ( (stepl :primtive (performabstraction ?rl ?r2)))

rconditions (
:use-when (isa relation ?rl) :at stepl)
:use-when (isa relation ?r2) :at stepl)
:use-when (relation ?rl ?ril-type) :at stepl)
:use-when (relation ?r2 ?r2-type) :at stepl)
:use-only-for-query (domain ?rl ?rl-domain) :at stepl)
:use-only-for-query (co-donain ?rl ?c) :at stepl)
:use-only-for-query (co-donain ?r2 ?a) :at stepl)
:use-only-for-query (parent-of ?c ?c-parent) :at stepl)
:use-only-for-query (parent-of ?a ?a-parent) :at stepl)
:use-when (equal ?rl-type ?r2-type) :at stepl)
:use-when (equal ?c-parent ?a-parent) :at stepl))
reffects  (

(stepl :assert (co-domain ?rl ?c-parent))

(stepl :assert (changed true ?r1-domain))

(stepl :delete (co-domain ?rl ?c))

(stepl :delete (changed false ?rl-domain)))
cvariables (?r1 ?r2 ?rl-type ?r2-type ?rl-domain ?c ?a ?c-parent ?a-parent))

e T e

Figure 6: Abstraction schema

Therefore, the final learning plan MetasAQUA constructs is (1) perform an abstraction transmutation on the new
example of dog barking (realizing that dogs bark at containers); (2) perform EBG on the new explanation (producing
a generalized version); (3) index the generalized XP in isolation; and finally, (4) use the new concept definition to
mutually differentiate and index the two generalized explanations of why dogs bark. A subsequent story, such that a
police officer and a canine enter a suspect’s house, the dog barks at a garbage pail, and the suspect is arrested for pos-
session of some marijuana found in the pail, causes no anomaly. Indeed, Meta-AQUA expects some type of contra
band to be found in the container after it reads that the dog barked, but before it is told of its existence in the story.
Thus, the learning improves both understanding and prediction.

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



4 Conclusions

Although Meta-AQUA isfirmly in the CBR tradition, our approach diverges from it somewhat. Three elements tradi-
tionally characterize CBR. First, CBR usually processes instances or concrete episodic cases. However, some sys-
tems emphasize the integration of generalized knowledge and cases (e.g., Aamodt, 1993), and moreover, like Meta
AQUA, some CBR systems actually process abstract cases, including XPs (see Schank, Kass & Riesbeck, 1994).
Secondly, CBR emphasizes the role of memory retrieval of past examples, rather than reasoning from first principles.
Thisfocus hasled to research on indexing vocabulary and case adaptation. However, Meta-AQUA is a hybrid system
that combines the CBR of the first two learning phases with the nonlinear planning of the third. Finaly, traditional
CBR systems stress goal-directed activity to focus both processing and learning (Kolodner, 1993; Ram & Hunter,
1992; Schank, 1982). Our approach to learning is also goal-directed, but in a very different style. MetaAQUA isthe
first CBR system to specifically plan in the knowledge space using goals that specify changes in that space. Unlike
INVESTIGATOR (Hunter, 1990), which creates plans in the external world to achieve learning goals (e.g., access a
database to answer a question), MetaAQUA's plans operate on the internal word of the system’s background knowl-
edge. Although many computational systems use areflective reasoning approach (e.g., Collins, Birnbaum, Krulwich,
& Freed, 1993; Fox & Leake, 1994; Oehlmann, Edwards, & Sleeman, 1994; Plaza & Arcos, 1993; Stroulia & Gosl,
in press), and a few have used the planning metaphor in learning (Hunter, 1990; Quilici, in press; Ram & Hunter,
1992; Ram & Leake, in press; Redmond, 1992), none of these systems have applied the planning metaphor as strictly
as MetaAQUA; none execute a planner like Nonlin on its own knowledge.

A number of advantages accrue from the mediation of learning through satisfaction of learning goals. First, learning
goals decoupl e the many-to-many relationship between failures and algorithm. Secondly, an opportunistic approach
to solving learning problems can be achieved by suspending the goals and resuming their pursuit at atime when sat-
isfaction ismore likely. Thirdly, learning goals allow chaining, composition, and optimization of the means by which
learning goals are achieved. Fourthly, because nonlinear plans allows parallelism, learning algorithms may be exe-
cuted concurrently. Finally, the use of learning goals allows detection of dependency relationships so that goal viola-
tions can be avoided.

Future research is directed toward incorporating more |learning strategies. One of the weak points of the current sys-
tem is that it reasons during learning at a macro-level. Meta-AQUA recognizes the functional difference between
generalization and specialization and therefore can choose an appropriate algorithm based on which algorithm is
most appropriate. For example, it cannot currently select between competing algorithms that both perform generali-
zation. Meta-AQUA does not reason at the micro-level, as do systems that address the sel ective-superiority probl em®
in inductive learning (see, for instance, Brodley, 1993; Provost & Buchanan, 1992; Schaffer, 1993), although the
scope of learning problems solved by Meta-AQUA is greater than these other systems.

Another limitation of the Meta AQUA implementation is that learning self-evaluation (step 3 of Figure 1) does not
exist. Thus, Meta-AQUA cannot cross-validate or compare various successful algorithms, nor can it currently judge
when learning fails, and another algorithm must be chosen. Just asit detects, explains, repairs and learns from reason-
ing failures, an interesting line of future research isto alow Meta-AQUA to reason about its own learning.

To perform multistrategy learning, a CBR system must consider a number of factors that are not significant in isolated
learning systems. In particular, 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 situations. Treating the learner as a planner is a principled way to confront
these difficulties. Many of the techniques and results from the planning literature can be appropriated in case-based
systemsto provide a better level of robustness and coverage in situations where many types of failure may occur. The
aim isto transform these failures into opportunities to learn and improve the system’s overall performance.
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6. Empirical results suggest that various inductive algorithms are better at classifying specific classes or particular distributions of
data than others. Each algorithm is good at some but not all learning tasks. The selective superiority problem is to choose the most
appropriate inductive algorithm, given a particular set of data (Brodley, 1993).
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