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Abstract

The thesis of this proposal is that introspection facilitates learning by providing a
basis for identifying what needs to be learned and for selecting an appropriate
learning algorithm. If the system has a model of its own reasoning processes and
of the knowledge used by these reasoning processes, it can declaratively represent
the events and causal relations in the mental world in the same manner that it
represents events and relations in the physical world. A multistrategy learning
system, in which several learning algorithms are available, can decide what to
learn, and which algorithm(s) to apply, by analyzing this model of its reasoning.
This introspective analysis allows it to understand its reasoning failures, to
determine the causes of the failures, to identify needed knowledge repairsin order
to avoid such failuresin the future, and to select the learning algorithm appropriate
for the needed repairs. Thus, the object of the proposed research isto develop both
acontent theory and a process theory of introspective multistrategy learning and to
establish the conditions under which such an approach is fruitful.
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1 INTRODUCTION

Simply stated and in the narrowest sense, the central problem addressed by this proposal is that of
strategy selection in machine learning, particularly failure-driven learning. That is, given some
computational task (e.g., story understanding or problem solving) specified by the Sgstaisy

context and some input, if a failure occurs during the task, the problem is to choose a learning algo-
rithm with which to repair the background knowleH@K) of the system. The BK is considered
repaired if, given a similar future situation, the failure will not rédarthe broadest interpretation,

this research presents a theory of self-understanding and its relation to human learning. Although
many of the issues of machine learning and human learning are separate and incommensurable, this
thesis will make bridges where possible, taking constraints from known human limitations and
abilities and attempting to form a computational model of learning thaffisient for any intelli-

gent agent.

Recent attention to multistrategy learning systems is evident from numerous sources in the
machine learning literature (e.g., Carbonell, Knoblock & Minton, 1991; Michalskeé&cUci,

1991, to appear) and some in the psychological literature (e.g., Anderson, 198@wWaki &

Medin, 1991). Multistrategy learning systems are those that integrate various learning algorithms
into a unified whole, and thus contrast with single-strategy systems such as Soar (Laird, Rosen-
bloom & Newell, 1986) in which all learning is performed by a single learning mechanism.

Whereas all learning in Soar reduces to chunking, methods as disparate as explanation-based learn-

1. The background knowledge includes more than simply domain knowledge. It can also contain knowledge
such as metaknowledge, heuristic knowledge, associative knowledge, and knowledge of process.

2. The Inferential Learning Theory of Michalski (1991) has defined a learning task as consisting of three com-
ponents: some input (information), a BK, and a learning goal. The learning goal determines the relevant
pieces of the input, the knowledge to be acquired, and the criteria for evaluating the learning. The model
of learning presented here is consistent with these constraints.



ing, similarity-based learning, deduction, abduction, constructive induction, and analogy can be
included in the same multistrategy framework. Some multistrategy systems combine multiple
algorithms in a cascade or piped-flow arrangement. The output of algoritecomes the input

to algorithmn+1. Other systems use a combination of algorithms on a given input in some prede-
termined fashion. Each algorithm calculates a part of the overall solution. These systems are usu-
ally fixed in their means of processing. A third type of multistrategy learning explicitly selects and
invokes various learning algorithms as a function of the characterization of the input. The system

presented here is in the latter category

Research into multistrategy learning is necessary on pragmatic grounds when complex worlds are
the domains of learning systems. Such approaches allow for maximal flex@hdityficant inter-

actions are present in multistrategy systems, howthadrare not apparent in isolated systems. For
example, if two algorithms modify the domain knowledge of the system, and a dependency exists
between the two, such that one strategy modifies a part of the domain knowledge that the second
one uses, then an implied sequencing must be enforced: the first strategy must be applied before
the second. Such dependencies do not exist in single-strategy systems. Research into multistrategy

systems contributes to the resolution of many such complexities in real-world systems.

The theory presented in this work is interesting because the choice of algorithm is not simply a
function of the input, where the input is some set of assertions about the world, or even a faulty
solution tree, but rather the input to the learner represents a trace or declarative representation of
the reasoning itself that produced the solution. The choice of a learning strategy is therefore a func-
tion of the prior reasoning that produced the easmuch as it is a function of the erroneous solu-
tion.3 The solution to a problem is usually a structured set of operations that institutes changes in
the world, such as chess moves that modify an external board position; whereas a reasoning trace

is a structured set of mental operations that produces changes in states of the mind, selects problem



operators, and eventually results in the solution plan. Thus to decide on a choice of strategies, our
theory of learning depends on introspection of the mental world, as much as it depends on an anal-
ysis of both the problem and the solution in the external world. In contrast, systems that make deci-

sions based on a solution alone have only an indirect relationship to the actual causes of the failure.

Yet it is not immediately apparent why introspection is necessagven desirable, at least not

with respect to solving the strategy selection problem. Introspection has a number of disadvantages
including considerable computational overhead. In the realm of general reasoning, though, adding
introspection to a machine allows it to have an idea of what it is doing and\wingchine apply-

ing deductive theorem proving certainly does not understand theorem proving in the manner that
a mathematician does. No model of the problem solving process itself exists. The machine does
not understand theorem proving, though it can perform theorem proving. Moredharespect

to learning, there are additionagaments in favor of introspectié'nTo justify the importance of
introspection in multistrategy learning systems, this proposal advances the folloguintgat:

choose an algorithm, a system needs to know what is supposed to be learned; to decide what needs
to be learned, it must know the cause of failure; to determine the cause of the failure, it must per-
form blame assignment; and to perform complete blame assignment in many situations, it must

reflect upon its own reasoning.

To properly select an algorithm or learning stratéigg system must know what it needs to learn;

it must have &earning goal or taget. Imagine that the learning strategies from which the system

3. Carbonell (1986) gues that a key insight into analogical reasoning is that solution derivations contain use-
ful information beyond the information in the solution itself. His method is to map the derivation of old
solutions onto new problems, rather than map old solutions into new solutions. This insight was one of the
first aguments in favor of maintaining reasoning traces.

4. Of course it is a well-founded fact that the veracity of human introspection is limieate\ot claiming
that introspection is a computational panacea, rather this research investigates the role of introspection in
learning and the conditions under which it is either a gain or a loss. See section A, “APPENDIX: Research
Agenda,” starting on padis.



chooses are like operators in planning paradigms (HUu80; Ram & Hunterl992). D select

an operator ééctively in planning systems, the system must have a goal toward which operators
make progress; thus, selecting the actions that constitute steps of a plan is based on the goal of the
system. Since operators have results and preconditions, they can be chained such that various oper-
ators are chosen on the basis of resultant states that satisfy the preconditions of, and therefore
enable, other operators. Thus, they can be chained to produce a series of plan steps that eventually
matches the plan goal. Similarlgs plan steps produce changes in the world, learning strategies
produce changes in the systerBK. To produce productive changes in the BK, then, the system

must have an appropriate learning goal.

Furthermore, to generate the learning goal, the system must know the cause of the failure; it must
performblame assignment. Blame assignment (aconverselycredit assignment) is a well-known
problem, going back as far as Minsky (1963), involving the construction of explanations for how
and why a failure occurs (or how and why success occuiff)oMY having knowledge of what
caused the system to fail at its reasoning task, itfisulifto know what to learn to avoid subse-
guent failures in like situations. Perhaps bottom-up reinforcement schedules can help the system
learn what to do without it knowing whigut surely no deliberative methods will be able to form

a goal to modify the BK in any meaningful way without first analyzing the failure. Explanation is
therefore crucial in fully understanding the relation between the current state of the system, its BK,
and the current condition of the external world. In this way blame assignment can be viewed as a

special form of abduction.

To perform efiective blame assignment, the system must be able to reason about its own reasoning,
in addition to reasoning about the world or the results of its own reasoning. Determining the rea-
sons why failure occurs is often not simply a matter of understanding events in the world, or even

the plans created, rather failures can be attributable to the reasoning process, or the choice of one.



Newell and Simon (1972) show that human subjects often make reasoning mistakes because of the
wrong choice of reasoning strate@iven the "Magic Squares" word problem, such that the num-
bers in some matrix must add up across, up, down, and diagdn@lgolution is quite easy using

an analogy to tic-tac-toe, but is extremelyidiflt using means-ends-analysis. Unfortunatelgst

subjects use this latter reasoning and therefore cannot solve the prablexpldin this problem
effectively, it is useful to have a mental interpretation of the problem solving process, as well as an

explanation that deals with the problem itself.

As another case of the intertwined relationship between blame assignment and introspection, con-
sider the stranded motorist example (Cox & Ram, 1992b). If an agent runs out of gas on a vacation,
a number of causes could have contributed to the failure. A problem could have occurred with the
car's fuel system (perhaps a hole developed in the gas tank or fuel lines), or a problem could have
occurred with the drivés memory system (perhaps the agergdoto fill up with gasoline before
starting his trip). If the agent is aware of his prior reasoning, including the formulation of a goal to
fill up the tank, then when the car rolls to a stop, he should be reminded of the suspended planning
goal. The blame is thus associated principally with the mental faculties and the indexes that address
the fogotten task, rather than with the physical operation of thakthough there is an unmistak-

able interaction between the tR®ne important type of introspection is to realize that the cause

of failure was not the plan or solution generated by the reasoner before the trip, but instead was the
memory system and thegamization of the knowledge that together did not retrieve the suspended
goal, given the state of being at or near the gas station. Rather than improve the plan itself, such an
analysis can allow a system to improve thgaaization of the BK by learning better indexes for

particular types of suspended goals.

5. Without some naive knowledge of the physical model of thelleasact of filling the gas tank is meaning-
less, thus memory for performing it is mechanical at best.



Therefore, in many situations a model of introspection is required to perform blame assignment.
Blame assignment is crucial in choosing a learning goal, and the choice of a learning algorithm
depends on the learning goal. The solution to be developed in the following sections is to represent
the reasoning in a declarative trace, then to reason about the erdoghis one must have a model

of reasoning and a vocabulary with which to express inspectable instances of reasoning. The sys-
tem can then perform blame assignment and ultimately choose the proper learning algorithm with
which to repair the BK of the system. Section 2 discusses issues in both process theories and con-
tent theories of cognition that impinge upon the construction of such models. Section 3 develops
an explicit model of reasoning, giving both a process account that models intelligent understanding
and a content theory of vocabulaBection 4 describes the process and content theory of learning
and its relation to introspection. Examples are presented in an implementation called Meta-AQUA.
Preliminary conclusions and related research are presented in Section 5. Appendix A footnotes the
proposal by providing criteria from which to judge the theory and developing a preliminary

research agenda and a plan for bringing the thesis to closure.

2 PROCESSAND CONTENT THEORIES

Content theories provide the vocabulary and structure for representing knowledge, wipeoeas

cess theories specify the transformations performed on such knowledge (Birnbaum, 1986;
Domeshek, 1992). Content theories provide a component theory that specifies the objects or com-
ponents in the domain and the features that best describe the components. Also, a content theory
provides constraints and inferential relationships between the features. Content theories therefore
possess commitments to both domain ontology as well as domain physics (Domeshek, 1992).

Because the domain of this research is reasoning itself, rather than some external behavior



tent theory is unique in that it becomes a descriptive language of the processes found in our process
theory The intent of this paper is to outline a broad theory of introspection, understanding, and
learning, by providing specific commitments as to the kind of processes that might account for such
cognitive activities, and the kind of representational language that might be suited for computation-
ally describing and making inferences from these phenomena. Using such a framework this thesis

will prescribe a solution to the strategy selection problem.

A typical cognitive theory accounts for a specific class of tasks in a particular domain of human
endeavor requiring reason. For example, given the task of design and the domain of meal planning,
a content theory provides a language that adequately describes objects and events in the world of
meal planning and design in general, while a process theory specifies the mental processes
involved in design. The process theory then explains and predicts the behavior of agents perform-
ing meal planning activities, such as transforming meal specifications and constraints (described
with the content theory) into artifacts of the domain (in this case, a menu of courses to be prepared).
When preparing dinner for both a meat and potato lover and a vegetarian, the process theory enu-
merates the kinds of reasoning performed by the designer/plgivesr the current contents of the
refrigerator and the kitchen cupboards. The theory would dictate the transformations necessary to
generate a meal plan and would specify the connectivity between cooperating processes. The
objects in the content theory (domain knowledge of design and meals) and processes in the process

theory (the transformations on such knowledge) are thus related, but quite distinct.

In a theory of introspection, howeydhe content and process theory are much more intimately
related. The content theory must be able to represent the events that the process theory describes.
This self-referential constraint is present because introspection, by definition, is thinking about
thinking, and thinking about oreebwn knowledge and memomyow; if the system is to process

memories of its own processing, then a language is needed with which to represent the processing



itself. During reflection the processes transform and operate upon descriptions of themselves, so if
the external domain of this thesis were to actually be meal design, one would need to specify the
processes that account for design, as would a standard theory of design, but the content theory
would concentrate on representations of these processes; a content theory of culinary objects and

events would be secondary

JULIA (Hinrichs, 1992), a case-based meal planingplements the processes depicted in figure

1. A design goal is input into an analysis process that determines an appropriate search method.
The search method is given to the retrieval process, which finds a relevant past case from the sys-
tem’s case memonAn adaptation process then generates the proper mappings and instantiates val-
ues to use in the new situation. An adapted meal plan is then returned as a yésihé plan is

insufficient, the problem is reformulated and the process restarted.

JULIA's content theory of meal design provides the vocabulary used to describe cases of meal
planning, such as the courses in a meal, meal ingredients, constraints on the design, goals of the
planner and preferences of the diners. feason explicitly about the process of meal planning,
however a system must be able to represent not only the final result of a meal design, but it must
also possess a way of representing the design event that produces the meal plan. Ifigendt suf

to simply annotate the final solutions (meal cases) with features signifying what occurred during
the meal-planning process. The most obvious reason for precluding such an approach is that the
process of meal planning is recursive; that is, a plan may be generated by an arbitrary number of
passes through the planning loop. An annotated meal plan is therefofieigrsufo distinguish

between the various activities at similar points in the process.

Instead of simple annotations, it is desirable to create a chain of structures or nodes, one for each

process in the planningfeft. Each node would record the input and output, the bases and context



for its results, and a link to the following process. In this way the system could represent, for exam-
ple, an initial analysis, a retrieval, and an adaptation, producing a case that did not work, then a
reformulation of the problem followed by another series of analyze, retrieve and adapt steps. A
benefit of producing this record is that it is also available for use by subsequent processes in the
planning mechanism. JULIastrategyin the face of failure, is to loosen the constraints on a prob-
lem. A possibility exists that the problem specification was not at fault, hovoexdnat the choice

of search method was faulty instead. So rather than reformulating the problem after failure, another
search method may be chosen to find a more appropriate case to adapt, given the original formula-
tion of the problem. Thus, JULIA might be able to learn search strategies, as well as acquire new
cases. Regardless, by recording the design process and representing it efalicidye informa-

tion is available with which to plan as well as learn.

DeS|gn Case Adaptation

Goal Memory Methods
Analyze Retrieve »| Adapt » Propose
Problem Cases Cases Values

Impasse

Reformulate
Problem [

Relaxation
Methods

Figure 1: The Case-Based Generation Process (Adapted from Hinrichs, 1992)




The approach this paper will take, then, is consistent with the above anakysisll develop a

specific model of reasoning, along with a representational language and a knowledge taxonomy for
expressing instances of reasoning. Once expressed in some declarative, inspectable form, the sys-
tem can then process instances of its own reasoning in much the same manner as it processes input

from the world.

The type of reasoning of primary concern is that of understanding and comprehension of a given
input. As opposed to the JULIA example, howetee primary reasoning goal is to choose a rea-
soning method best suited for understanding the inpuin@ierstand the input then requires using

the selected method to build an explanation of the input with regard to the knowledge of the system
and the context in which the input appears. When these explanations fail, the learning task involves
explaining faulty reasoning that contributes to failed explanations; thus, the system must explain
its own explanations. A knowledge structure calldkta-Explanation Pattern (Meta-XP), which

is an abstract causal pattern that represents how and why certain conclusions are drawn by the rea-
soneris used to perform this task (Cox, 1991; Cox & Ram, 1991, 1992a; Ram & Cox, to appear).
Meta-XP theory is a content theory that attempts to use meta-explanations to build the knowledge
structures used for explaining most classes of reasoning failures and to use these constructions for
choosing a learning algorithm. A system that possesses a library of such structures, and that can
retrieve, adapt, and apply them to a given reasoning failure, is using a case-based approach to intro-

spection and learning.

In open-world scenarios with many possible sources of failure, a number of machine learning tech-
niques may apply to a given learning situation. Meta-AQUA is a learning system designed to test
our theory of introspective multistrategy learning under such conditions. It contains various learn-
ing algorithms such as explanation-based generalization, similarity-based learning, and index

learning. Teating the learning as a planning task, the system can post and order learning goals to

10



perform given learning tasks and choose an algorithm to accomplish the goals. In such a paradigm
the management of such learning goals becomes a focus as in traditional planning systems. The

following sections explore some issues, problems and solutions in such a framework.

3 REASONING MODEL

This section states its suppositions and then draws both a process and content theory of reasoning
in the form of the task of understanding that follows from the assumptions. It concludes with a tax-

onomy of reasoning failures based on the theory of understanding.

3.1 Theoretical Assumptions

The results, conclusions and the very structure of this theory depends on the broad assumptions

enumerated in figure 2.

* Reasoning is goal-directed processing of input given
some knowledge.

Multistrategy reasoning is appropriate for both under-
standing and learning.

Knowledge is memory-based.

¢ Learning is failure-driven.

Figure 2: Assumptions

First and foremost, we assume that cognition is essentially goal-directed processing of a given

input using the reasorisrknowledge. Our focus is therefore on the deliberative and top-down

11



components of thought, rather than the data-driven or situation-specific factors. This thesis will not
deny that bottom-up factorda€t both reasoning and learning, though, as a research stthtsgy

factors will be minimized or ignored. Such a position is consistent with traditional cognitive sci-
ence perspectives, although it is indeed at odds with some recent stances, such as the situated cog-

nition paradigm (Suchman, 1987; Clanc&991).

We also assume, given the generguarents in the introduction, that the multistrategy framework

is appropriate for cognitive tasks. The generic task view of Chandrasekaran (1989) provides addi-
tional support for this assumption bygamng that various general methods exist that apply to var-
ious problem solving tasks. More than one method may apply to a given task or subtask, so strategy
selection is unavoidable in problem solving, whether performed by the knowledge engineer or the
system itself Therefore, extending this idea furtheather than one basic mechanism, many dif-
ferent processes and algorithms can account for cognition in general and learning in pattieular

strategy selection problem is thus pertinent to both reasoning and learning.

A third assumption is that the reasdsdémowledge is memory-based, and therefore subject to stor-
age and retrieval constraints, particularly the indexing problem. The indexing problem (Domeshek,
1992; Kolodner1984; Schank, 1982; Schank and Osgood, 1990) is the problem of choosing cues,
or features of an input, to be used as indexes for retrieving from memory the knowledge structures
necessary to process an input. Thus, in such memories, knowlgdgeation is a lge concern

in both reasoning and learning functions.

Related to the above premise is the decision to bisect knowledge into two parts. The bgskem’
ground knowledge (BK) contains representations for all long term knowledge, such as conceptual

knowledge, episodes and cases, control knowledge or heuristics, beliefs, and knowledge about its

6. For specific implementations of this view see Goel & Callantine (1991) for descriptions of ROUTER and
Punch (1991) for a discussion of the TIPS system.

12



own knowledge and reasoning processes (metaknowledge). In contrast to the BK, in our formula-
tion another kind of knowledge exists, called fitreground knowledge (FK). The FK constitutes

the current model of the input that has been constructed, and the memory of the reasoning with
which such a model was built. Goals that are spawned during construction of this reasoning belong
in the FK also. If the goals cannot be achieved immedjdielyeverthey may be transferred to

the BK, along with a trace of the reasoning that spawned them, in order to suspend the processing
until their achievement is more likely (e.g., when the preconditions upon which they depend
become available). In such opportunistic reasoning (Birnbaum & Collins, 1984; Hammond, 1988;
Hayes-Roth & Hayes-Roth, 1979; Ram, 1989) the goals are indexed in the BK by features selected
to match cues in the environment that are characteristic of conditions likely to exist when resump-
tion of the goal processing is profitable. When a goal is resumed, it is returned to the FK from the

BK.

Finally, we assume a failure-driven approach to learning and reasoning (Kolb88&y Schank,

1982; Schank & Owens, 1987; Sussman, 19@5;Mehn, 1991), which concentrates on mistakes,
unexpected successes, surprises, and impasses to indicate when attention is apprizpuage. A

is defined to be a computational outcome other than what is expected or a lack of some outcome.
If the system analyzes some input incorreglyen some criteria or feedback, then a failure has
occurred. This standard failure will be termenthigtake. Moreover if the system expects that it

will not be able to compute any answer or the correct anbweit does nonetheless, then another

kind of failure exists, called amexpected success. Alternatively if the system has no expectation,

yet an event occurs which should have been expected, ueprise exists. Finallyanimpasse

such that no solution can be generated is also considered a failure by definition. This paper will not
claim that all learning is failure-driven (see JonesahWehn, 1991 andaw Lehn, 1991 for an

alternative view), but rather that failures guarantee that something worth learning exists; whereas

13



success may or may not provide learning opportunities.

Given such assumptions, the cognitive tasks of reasoning and learning have great parallels in Meta-
XP theory So first, this section presents a model of reasoning with its content and process theory

Section 4 will give the same accounting for the learning task.

3.2 Process Theory of Understanding

"The general idea of failure-based understanding is that examining how we make
comparisons between our expectations and what actually occursis the key to our
knowledge of the understanding process itself."

--Schank & Owens (1987).

Like the operational definition of learning defined in section 1, reasoning is also viewed as failure-
driven and subject to strategy selection. Thus, the reasoning task can be operationalized in general
terms as follows: Given some input from the world (e.g., preprocessed perceptual input or text from
a story), a current context, including contextual goals, and BK, if there exists an anomaly in the
input, choose a reasoning algorithm to resolve the anomslyith the model of learning, the rea-
soning is a type of meta-reasoning, since the top level of computation concerns the choice of a rea-

soning algorithm, rather than the choice of a solution opefator

Now if no unusual input to the system exists, then no significant resources will be expended on
cognition. In general, reasoning may be either an understanding process or a problem-solving pro-
cess, so in the absence of interesting input, an understander will skim its data; lacking interesting

input, a problem solver simply acts reactivelyfrom habit. In such situations there is no deliber-

7. This multiple levels of reasoning is consistent with the approach of $1gf#81) MOLGEN system, in
which a plane of reasoning exists in both the design plane (the reasoning task in their domains) and the
meta-plane (the task of choosing an operator in the design plane). As a result of this division, to choose a
reasoning strategy the system should understand and model of its own algorithms. Though consistent with
Stefik, howeverMeta-AQUA does not have separate planes of computation.

14



ation. With interesting input, howevgea reasoner should select and execute a strakegygener-

ating some response that resolves the anomaly that sparked the interest. Subsdagently
resolution is verified by some means chosen by the reasorbkis formulation, then, reasoning

is basically a variant of the generate-and-test paradigm, with the enhancement of a front-end iden-

tification phase to detect the anomalous, or otherwise interesting, input (see figure 3).

Get Input <ag—

Figure 3: Augmented Generate-anesTCycle

The work presented here has concentrated on developing the details of reasoning in the form of
understanding. A story-understanding task will thus be the processing domain with which to test
our theory of introspection and learning. In particular this research develops an explicit, if some-
what simplified, model of the processing performed by an implementation of question-driven story
understanding called AQLﬁﬂ(Ram, 1989, 1990, 1991, 1993). In the AQUA system, understand-

ing involves building causal explanations of the input, which provide conceptual coherence by

8. AQUA stands for Asking Questions and Understanding Answers.
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incorporating pieces of previous input. The understander simply skims a story by instantiating
schemas to fit a given input and tying them into the previous concepts of thestesyg the input

is anomalous. If an anomalous situation is identified, then the reasoner must explain the input by
elaborating it beyond simple schema instantiation. Thus, the understander must choose a method
to generate an explanation, then select a method to test the veracity of the explaithtrespact

to figure 3, generate and test correspond with constructing hypothetical explanations and verifying

hypotheses, respectively

For example, AQUA might process a story about a Syrian teenager in Lebanon named*Hamida.
While processing the stgreQUA constructs a model of the character and the actions involved in
the storyIf the story reveals that Hamida drives a car full of explosives into an Israeli military post,
killing herself and a number of soldiers, then an anomaly exists that must be explained to fully
understand the staryhe event is anomalous because the model of Hamida constructed before the
point of her suicide was one of a normal teena@jaonflict occurs as a result of trying to unify

the picture of Hamida as a typical teenage girl, assumed to be athpthe picture of her as an

individual likely to commit suicide, and thus apt to be depressed.

To explain the incongruityhe system must analyze the anomaUA accomplishes this by con-

sulting a decision-model (Ram, 1990) that describes the planning process an agent goes through
when considering the choice of actions to be performed in the world. The objective of the analysis
is to refine the nature of the anomaly and to identify the parts of the story that bear on the,anomaly
S0 as to more clearly ascertain what needs to be explained in order to resolve the aheraakl-

ysis of the story would thus yield the facts that Hamida was not depressed, yet at the same time she
performed an act that resulted in the loss of her own life. This situation is certainly anomalous

because the decision model claims that people value the goal of preserving their own life above

9. This example is adapted from story S1 presented in Ram, 1990.
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other goals that they possess.

Following this result, AQUA poses a series of questions about the anomaly and the context of the
story surrounding the anomaly this case AQUA asks what would cause a girl to carry out an
action she knew would result in her own death. If this question can be answered, then the anomaly
would likely be resolved, and the story would be considered understood. AQUA then uses the only

explanation method it knows, which is explanation applic&t‘i’on.

AQUA can generate two types of explanatiofysical explanations give a causal account of

events according to a model of the way things work in the world, whesktienal explanations

give a causal account of why people perform the acts they do in the world. The former links phys-
ical events, such as the death of individuals, with causes, such as the detonation of bombs, the role
of fuses, and so forth. The latter links the actions of agents in a story to their goals and beliefs, thus
providing a motivation of the charactém this scenario, AQUA retrieves and instantiates a reli-
gious-fanatic explanation, which produces expectations in the Ktoay either look for verifica-

tion of the explanation by tying it into the stpoy it can suspend the explanation till lafEne

explanation is then verified when later sentences in the story confirm the hypothesis.

The model of understanding used in this thesis is a modification of the reasoning method used by
AQUA. Figure 4 diagrams the processes that could produce the understanding of slatargia’

above. First the system performs simple anomaly detection. An anomaly is signaled when either
the input conflicts with known facts in the BK, or when the system is otherwise unable to success-
fully incorporate the representation of the input into the current story model in the FK. An expla-
nation phase then attempts to resolve the anomaly by constructing a causal account of the input

with respect to both the story and the syssekmowledge. The resulting hypothesis is then tested

10. This algorithm will be outlined in section 4.2, “Process Model of Learning,” starting o3page
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Figure 4: Question-Driven Understanding

Like the outline of the learning algorithm in the introduction, both the generate and the test com-
ponents of understanding have four steps (see figure 4). In essence, given some anomalous state

the reasoner encounters, if it is to explain the angnaag thus understand the stoitymust
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answer:

* How did the anomaly occur?

* What needs to be explained?

* How can | explain this?

Subsequently it will:

* Resolve the anomaly by explaining it.

The initial and most important step is to elaborate the anomaly in order to provide a focus in the
story that is relevant to determining what occurred. The reasoner also refines the anomaly in such
a way that a specific question can be posed. Since the specification of the explanation phase must
be more precise than simply "explain the anorhélgoes little good, given some anomatysim-

ply ask what the reason is for the anomalghough it may be clear that some representation for

a character like Hamida indicates that sls@ normal person, that a later representation of her

i sa suicidal person, and that the two representations will not unify in the program internals, a bet-
ter characterization of the anomaly provides specific circumstances, including motivations, states,
goals, and beliefs, in terms of a model of normative decisions and a model of the current story that
point to possible locations of the anoma#oreover by providing a story context a system avoids

much search, since the context should contain only the pertinent details knowr\sgofadl pro-
grammer can set up the anomalies that its system knows about in such a way that resolution is all
but guaranteed. It is better to have some process that attempts to focus the anomaly so that unusual

conditions not envisioned by the programmer can also be addressed.

Given such detail, the function of the next step is to provide a set of questions that represents gaps
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in the model of the story with respect to the anomfaty such question can be viewed &sa@wm -

edge goal (Ram, 1989, 1991; Ram & Huntd©992), since it specifies the knowledge states that, if
achieved, would provide coherence to both the story and what the system knows (its BK). Follow-
ing this specification the system can pick an explanation method that will answer these questions.
Though AQUA itself does not choose a method, but has only a single procedure, any number of
abductive methods will sfi€e instead (Ram & Leake, 1991). Once a strategy is settled on, the pro-

gram can generate the explanation.

The first step in explanation generation is similar to the blame assignment step in learning, the sec-
ond is goal specification, and the third is strategy selection. After performing these steps, the rea-
soner can simply execute the reasoning method. Like the learning model of thisvbageofers

no new learning algorithms and instead presents a method of choosing between a number of extant
strategies, the reasoning moddeas no new reasoning algorithms. Depending upon the given sit-
uation, a system may choose from case-based reasoning, aealgdgpation application, or any
number of reasoning methods for generatianp@&rform a test of the resulting hypothesis, a rea-
soner may devise an experiment, ask someone, or simply wait, in the hope that the answer will be

provided by future inpujc.1

To verify the hypothesized explanation, the verification process makes a simistejp@nalysis.

The first step, howevgthat of finding the source of the hypothesis, is known to follow in sequence
from the generation proce%%Step two is to determine whether to attempt to prove or disprove the
hypothesis. Given a tget approach, the system then needs to choose an algorithm best suited to

achieving the goal. Once the algorithm has been selected, the hypothesis can then be evaluated.

11. The structure of this strategy selection method allows for easy incorporation of additional algorithms.

12. Yet in instances where a hypothesis is not self-generated, but provided to the reasoner as input, step one
would indeed require significant computation.
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With this model, the operationalized statement of the task of understanding is as follows: Given
some input from the storthe systens current foreground knowledge (pPKincluding contextual

goals and a current representation of the storgt the systerm’background knowledge (BK), if an
anomaly exists in the input, choose a reasoning algorithm to explain the arelsigcorporate

the input into FK. Output a new representation of the story {f-kncluding a representation of

the reasoning that produced it, that has no anomaly and is coherent with respect to the BK.

3.3 Content Theory of Understanding

Early research by Davis (1980)gaed for the importance of metaknowledge, especially in the
form of declarative search-control rules. Although many in the artificial intelligence community
have recognized the necessity of reasoning about onai beliefs (e.g., Davis & Buchanan, 1977,
Maes, 1988), and some have even called it introspection (e.g., Konolige, 1988), few have both
modeled and represented the processegyénatates beliefs13 and made them available to the
reasoner itself. This section develops a brief content theory of understanding in order to formalize

knowledge about the reasoning itself.

A Meta-Explanation Pattern (Meta-XP) is an explanation of an explanation. Whereas an Explana-
tion Pattern (XP) is a causal structure that explains a physical or mental state by presenting the
chain of physical or mental events that results in such states in the world or in the mind (Ram, 1989;
Schank, 1986; Schank & Leake, 1990), a Meta-XP is an explanation of how or why an XP is mis-
generated or otherwise fails (Ram & Cox, to app%‘hﬁ)here are two classes of Meta-XPs. A

Trace Meta-XP (TMXP) explains how a system generates an XP about the world or itself, and an

13. A prominent exception is Collins, Birnbaum, Krulwich & Freed (1992) wipoeathat to plan &ctively
a system must have an explicit model of its of planning and execution processes.

14. Here the definition of a Meta-Explanation is interpreted in a narrow sense as applied to understanding
tasks involving the explanation of anomalies. In general, howawdeta-XP may be any explanation of
how and why an agent reasons in any particulat imaluding processes other than explanation.
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Introspective Meta-XP (IMXP) explains why the reasoning captured in a TMXP goesTduay
section will describe and explain the use and structure of TMXPs, while IMXPs will be described

in section 4.2, “Process Model of Learning.”

Ram (1990) has developed a theory of motivational explanation based on decision models which
characterize the decision process that an agent goes through in deciding to perform an action. For
example, the religious-fanatic explanation for suicide bombing is a decision model describing why
a bomber would choose to perform a terrorist strike in which the bomber dies. Ram's model claims
that an agent first considers its goals, goal priorities, and the expected outcome of performing the
action. The actor then makes a decision whether or not to enter into such a role, and if so, performs

the action. Meta-XP theory extends the model to account for introspective reasoning.

Reasoning in general can be performed in a similar maAnset of states, priorities, and the
expected strategy outcome determine a reasdecision of a processing stratelgge the above

factors determine the actsrdecision to act. Based on general knowledge, current representation
of the storyand any inferences that can be drawn from this knowledge, the reasoner chooses a par-
ticular reasoning strateg@nce executed, a strategy may produce further reasoning requiring addi-

tional strategy decisions.

These decisions are chained into threads of reasoning such that each one initiates the goal that
drives the next. Though the chains can vary widelthe task of question-driven story understand-

ing, the chains take the form shown in figure 5: Anomaly Identificatio@enerate Explanation

— Verify Hypothesis. Note that since the explanation generation phase produces a hypothesis and
the verification phase produces a measure of goodness, if the hypothesis has been confirmed with
a suficiently high confidence, then the overall product of the understanding process has been a

sound explanation. Alternativelythe explanation has been disconfirmed, then a later failure iden-
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tification phase should generate the question "Why did the explanation fail?" This knowledge goal

triggers the learning process.

The understanding process is recursive in nature. For example, if a hypothesis generates a new
guestion, then the reasoner will spawn a recursive regeneration of the sequence because an unan-
swered question is anomalous. Like physical explanations that explain how objects work in the
physical world, and volitional explanations that explain why agents perform various acts in the
world, introspective explanations explain how and why conclusions are drawn by the reasoner;

they explain events in the mental world.

Understanding ¢ Input

Anomaly
Identification

Anomaly

Available Strategies:

Generate

- Case-Based Reasoning ;
Explanation

- XP Application
- Analogy
- Suspend

Hypothesis

Available Strategies:

Verify
- Test Hypothesis Hypothesis
- Compare To Input

- Suspend

Goodness

Figure 5: Phases of Understanding

When insuficient knowledge exists on which to base a decision, a useful strategy is to simply defer
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making the decision. The reasoning task is suspended and later continued if and when the requisite
knowledge appears. This is a form of opportunistic reasoning (Birnbaum & Collins, 1984; Ham-
mond, 1988; Hayes-Roth & Hayes-Roth, 1979; Ram, 1989). Meta-XPs are able represent chains

of reasoning that follow from opportunistic reasoning as well as uninterrupted decisions.

A Trace Meta-XPrepresenting the trace of the reasoning process, is a chain of Decide-Compute-
Nodes (D-C-Nodes). A non-recursive single instance of explanation would be a chain of three D-
C-Nodes, one for each phase in the anomaly-identification/generate-explanation/verify-hypothesis
sequencélrf5 These nodes (see figure 6) record the processes that formulate the knowledge goals of
a system, together with the reasons for and the results andfeicks-ef performing such mental
actions. The trace of reasoning is similar to a derivational analogy trace as described by Carbonell
(1986) and ¥loso and Carbonell (1991). Aakce Meta-XP is a specific explanation of why a rea-
soner chooses a particular reasoning method and what results from the.dtikéegyg XP the
Meta-XP can be a general structure applied to a wide range of contexts, or a specific instantiation
that records a particular thought process.One distinguishing propentsioaf Meta-XPs is that a
decision at one stage is often based on features in previous stages. For example, the decision of
how to verify a hypothesis may be based on knowledge used to construct the hypothesis initially
This property deciding based on previous knowledge, is particularly true of learning, which, by

definition, is based on prior processing.

15. Note that in most of this work the initial phase of anomaly identification is simplified. Rather than con-
sidering all four steps represented in a D-C-Node, the algorithm skips the input analysis step, posts a goal
to interpret the input, and then uses only a single strategy as outlined in the text. The result is a signal
whether or not an anomaly exists together with the anosnedyise. See, for example, Figure 4: “Question-
Driven Understanding” on padss.
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3.4 Taxonomy of Reasoning Failures

Given the first assumption of figure 2, that reasoning is the goal-directed processing of a given
input using the reasorisiknowledge, then only a limited number of classes of faults can be respon-
sible for a given failure: the reasoning failure can originate in either the reasgoals, its pro-

cessing strategies, the input, or the domain knowledge (see table 1). Given the third assumption of
figure 2, that knowledge is memory-based and that the indexing problem is a serious issue, then the
organization of suspended goals (indexes), processing strategy associations (heuristics), or the
organization (indexes) of the domain knowledge may also be to blame. If one of these categories
is responsible for an errdhe item corresponding to the category is either absent or incorrect. If

an item is correct, then that category contributes nothing to the foflure.

The most basic type of failure occurs when the systelmmain knowledge is at fault. A classic
domain theorysuch as the cup domain, presents the rules, concepts, and relations involved in a
particular self-contained knowledge system. A domain theory is considered inc&ﬁimmim:es

of the knowledge base are missing (Novel Situation). In rule-based systems incompleteness occurs
when a rule or an antecedent of a rule is missing, while frame-based systems are incomplete when
concepts or attributes are missing. A domain theory is considered incorrect if there are pieces of
the knowledge base present that should not be (Incorrect Domain Knowledge). In rule-based sys-
tems this occurs when an extra rule or antecedent of a rule is present, while frame-based systems
are inconsistent when concepts or attributes are present that should not be. Domain theories are

overly specific when they are missing some rules or when they possess extra antecedents (in a

16. One of the tgets of this research is to produce representations for all of the cells of table 1. At present,
the input column, the domain knowledge, and knowledge selection columns have explicit Meta-XP repre-
sentations, many of which will be shown in section 4.3, “Content Theory of Introspective Explanations,”
starting on pagd3. Additionally both the Missing Goal and the Botten Goal cells of the table are rep-
resented (see Cox and Ram, 1992b). The representations of the various cells are chained into composite
structures that capture typical failure patterns such as the example in section 4.1, “Implementation and
Example,” starting on padiS.

26



frame system this entails missing types or extra preconditions), since a missing rule would include
an example left out, whereas an extra antecedent disallows an example that should be included.
Domain theories are overly general when they are missing antecedents or when they possess extra
rules (in a frame system this entails missing preconditions or extra types), since an extra rule

included an example that should be left out, while the inclusion of a missing antecedent rejects an

example that was not left out (Mooney & Ourston, 1991).

Table 1; Dimensions of Failure?

Goal Goal Inout Processing Strategy Domain Knowledge
Generation | Selection P Strategy Selection | Knowledge Selection
Missing Forgotten Missing Missing Missing Novel Missing
Absent Goa Goa Input Behavior Heuristic Situation Association
Poor Poor Flawed Flawed Incorrect Erroneous
Wrong Goa Priority Noise Behavior Heuristic Domain Association
Knowledge
Ri ght Correct Correct Correct Correct Correct Correct Correct
Goal Association Input Behavior Choice Knowledge Association
Resource Opportunism | Perception Action Control D Iy Memor
Scheduling | <P ep Theory y
a. For additional details
concerning this table see
Cox, 1992 and Ram, Cox &
Narayanan, 1992.
External Agent
I External |Objects
I Physical| Causation

17. Note that the use of incompleteness as alogical term is different. A logically incomplete domain theory
isone in which a positive example of a category cannot be proven. This may occur if an extra antecedent
on arule exists, not just when rules are missing. A missing antecedent does not itself lead to logically

incomplete theories.
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Given the indexing problem, howeydhere may be failures, not because there was no piece of
knowledge to interpret an input, but rather because the knowledge was not indexed so that it could
be retrieved at the right time to use the knowledge. This error (Missing Association) occurs when
the index is overly specific, since it does not match the cues in the context at retrieval time. In addi-
tion, failures can also occur when knowledge is brought to bear at inappropriate times. This type
of failure (Erroneous Association) occurs when an index matches a cue that it should not. The index

is then overly general.

The processing strategy and goals columns can be thought of in much the same way as the domain
knowledge column; in addition to being either missing or wrong, they too haga@izational
component and are thus subject to the indexing problem. As described epdatunistic rea-

soners suspend goals that cannot currently be achieved, indexing them in memory where they can
be retrieved at a later time. Thus a failure may qautrbecause the reasoner never generated the
goal to accomplish a particular state, but rather because the goal was stored using indexes that did
not match the cues present in the input at a later retrieval time (cf., stranded motorist example of

section 1, “INTRODUCTION").

Reasoning strategies are applied only if they are selected using some heuristic that determines they
are applicable. Thus the heuristics can be thought of as "indexes." So a failure mayaiccur
because it does not have the strategy with which to process the input, but rather because it does not
have the specific heuristic to signal the strategpplication, or because another heuristic selects

a competitive strategy

The most complicated column is the one representing the input to the system. It is the input that
constitutes the interface between internal and external worlds. As suggested by the sub-table, if one

allows interaction with other agents in the world, then blame may be associated with the goals,
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strategies, input and knowledge of other agents. Thus, for example, noise in the input may actually
be due to the deception of opponents caused by conflicting goals of the external agent. This con-
volution makes blame assignment exceedinglficdit; howevey if one is to categorize open-

world situations, then this source of blame cannot be ignored. The input column is most interesting
in that it involves an input, the perception of the input, and the interpretation of the perception of
the input. The treatment in the following section, howggaores such discriminations, instead it

concentrates on the analysis of the main table alone.

For each dimension represented by a column in the table, a general characterization of it appears
at the bottom of the column. For each of the columns: goal generation, processing strategy and
domain knowledge, a natural dualism is present in its interpretation. For example, strategies repre-
sent both mental and physical actions. Thus there exist mental actions such as operators for mental
arithmetic (e.g., integrate by parts in the calculus domain of Mitchell, t&gBanerji’s (1983)

LEX program) as well as physical actions like robot navigation schemas (e.g., turn-left). For each
type of action, associated heuristics are used by a reasoner to choose when to apply the action. In
a similar fashion, there is a physical and mental manifestation of goals and domain theories. Thus,
an agent can have mental reasoning goals, such as "remember where | parkgdtiteaar also

have goals to achieve states in the world, like "be at my taration. 8 Likewise an intelligent

agent can have knowledge about the world as well as self-knowledge. Although these nuances are
important distinctions to observe, the preliminary treatment presented here will treat each cell in

the matrix simply

A number of invariants and constraints exist within the table. For instance, it is not possible to have
both a correct association and an erroneous association. If the correct cell is enabled, then neither

of the other two cells in the column can coexist. It is also impossible for an item in some column

18. Note that the former is a subgoal of the latter
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to be both missing and wrong. These constraints exist as a result of simple logic. Other relations
hold because of the semantics of the failures that the table captures. For example, it is not possible
for an Erroneous Association to exist without either a Novel Situation or a Missing Association
also present, because an Erroneous Association signals an expectation failure: something was
retrieved that should not have been. Something else should have been retrieved instead. Thus,
something is either not present in the domain knowledge (and thus cannot be retrieved) or it was
present, but no association was present with which to retrieve it. Part of the research associated
with this taxonomythen, is to ascertain those relations that exist among the cells of the table and

to use these to constrain inference in the system.

Another aspect of the failure taxonomy that must be addressed is that the symptoms for each type
are ambiguous. For example it isfatifilt in many situations to distinguish between noise in the
input and a novel situation. If an astronomer believes she just experiencedbaierenbserved
celestial event, then how does the scientist determine if it was a truly novel occurrence or simply
a glitch in the measurement device? The event could be disambiguated if other telescopes witness
the same event. If the telescope has had recent malfunctions, havenéehe scientist may have

a bias to falsify the hypothesis, rather than to corroborate it. Developing heuristics to determine

such judgements are an important part of the research that will accompany this thesis.

4 LEARNING MODEL

Much of the focus of the research has been on the taxonomy of reasoning failures and the associ-
ated strategies that are useful in learning from such failure situations. The implementation of the
taxonomy seeks to exploit the matching of descriptions of failuseéIMeta-XPs) with descrip-

tions of solutions (Introspective Meta-XPs). Rather than provide the mapping dindatlly is dif-
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ficult, the mapping is done through the formulation of learning goals, which are associated with
learning plans or strategies that help achieve those goals (HL@®& Ram and Huntet992).

As outlined by the functional justifications presented in section 4.2.2, “Process Theory Functional
Arguments,” a number of benefits result from the mediation of the mapping by learning goals.
However one can describe thefeftive mapping from failure situations to learning strategies
using the following categories of reasoning failures along with the corresponding types of learning

that need to be performed.

* Missing Association: The reasoner may have an applicable knowledge structure to deal with a
situation, but it may not be indexed in memory such that it can be retrieved using the particular cues
provided by the context. In this case the system must add a new index, or generalize an existing

index based on the context (Cox and Ram, 1991; Hammond, 1989; Ram, 1993).

* Erroneous Association: If on the other hand, the reasoner retrieves a structure that later proves
inappropriate, it must specialize the indexes to this structure so the retrieval will not recur in similar

situations (Cox and Ram, 1991; Hammond, 1989; Ram, 1993).

* Novel Stuation: A failure can arise when the reasoner does not have the appropriate knowledge
structures to deal with a situation that is truly novel. In such cases, the reasoner could use a variety
of learning strategies, including explanation-based generalization (DeJong and MRg&y
Mitchell, Keller & KedarCabelli, 1986) or explanation-based refinement (Ram, 1993), coupled
with index learning (Bhatta & Ram, 1991; Hammond, 1989; Ram, 1993)gtmiae the new

knowledge structures.

* Incorrect Domain Knowledge: Even if the reasoner has applicable knowledge structures, they
may be incorrect or incomplete. Learning in such situations is usually incremental, and involves

strategies such as elaborative question asking (Ram, 1991, 1993) applied to the reasoning chain,
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and abstraction and generalization techniques (Michalski, 1991) applied to the domain knowledge.

* Missing Input: The system requires information or otherwise detects some information that is
lacking in the givens. A guestion is formed to fill the gap in the current knowledge (Ram, 1989,
1991). Questions may be answered by inferring the information from the background knowledge,
actively pursuing the answer by querying data bases, asking thangeo on, or by suspending

the process and opportunistically waiting for an answer in further input. When the answer arrives,
the system performs standard inductive learning if the answer is not novel. If, haWwesrswer

is unusual, the system categorizes the failure recursively according to the syatlem® taxon-

omy and applies the learning strategies associated with the new failure. Thus, answers to questions

may prompt the formation of additional questions.

* Input Noise: The reasoner may possess the right knowledge, haygaitined in a proper man-

ner, and use the correct reasoning methods, yet fail due to incorrect or incomplete external knowl-
edge sources. In reasoning tasks, the blame may be due to measurement errors, obsolete data,
missing data, or explicit deception by another agent. The solution is to learn the conditions under
which knowledge sources are reliable and the kinds of data that are necessary in a given situation

(Booker Goldbeg & Holland, 1989).

* Incorrect Reasoning Choice: This failure type occurs when the reasoner has an appropriate
knowledge structure to reason with and index to the structure in membipcorrectly chooses

the wrong knowledge because the reasoning method it decided to use turned out to be inappropriate
or inapplicable. An analysis of the choice of reasoning methods results in learning control strate-
gies designed to modify the heuristics used in this choice (Mitchell et al., 1983; Sleeman, Langley

& Mitchell, 1984).

The current implementation of Meta-AQUA focuses mainly on the first four types of errors listed
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above since the main theoretical emphasis is on the integrated introspective learning architecture.

Meta-AQUA is currently being extended to deal with the other three types of enumerated failures.

4.1 Implementation and Example

This research implements an introspective version of AQUA, called Meta-AQUA. AQUA is a
guestion-driven story understanding system that learns about Middle Eastern terrorist activities.
Its performance task is to "understand” the story by building causal explanations that link the indi-
vidual events into a coherent whole. Meta-AQUA adds introspective reasoning and learning using
Meta-XP structures. Meta-AQUA is programmed in Symbolics Common LISP under Genera V
sion 8.1.1 on a Symbolics Maclvory-3 LISP processor embedded in a Macintosh Il cofipaiter

LISP source files take up 429,731 bytes of disk space.

Unlike AQUA, Meta-AQUA does not actually parse the sentences; since this research does not
deal with the natural language understanding problem, Meta-AQUA assumes that input sentences
are already represented conceptudlye BK used in the current implementation consists of a
frame-based conceptual hierarchycase library of past episodes, and an indexed collection of
XPs. To illustrate the type of introspection Meta-AQUA performs and the type of learning that

results, consider the passage in figure 7.
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: At this point the authorities arrested the passenger, charging him with
smuggling drugs.

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

Figure 7: The Drug Bust Story

A number of inferences can be made from this stogny of which may be incorrect, depending
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on the knowledge of the read&teta-AQUAs knowledge includes general facts about dogs and

sniffing, and it knows that dogs bark when threatened, but it has no knowledge of police drug
dogs in particularlt also knows of past terrorist smuggling cases, but has never seen a case of
drug interdiction. Nonetheless, the program is able to recover and learn from the erroneous infer-

ences this story generates.

S1 produces no inferences other than the observation tHaiggfa normal event in the life of a

dog.

S2 produces an anomalyowever because the systesndefinition of "bark" specifies that the
object of the bark is animate. In this example, the program (incorrectly) believes that dogs bark
only when threatened by animate objects. Since luggage is inanimate, a contradiction exists, lead-
ing to a constraint anomalyhis anomaly causes the understander to ask why the dog barked at
an inanimate object. Because the BK of the program has only one relevant abstract Explanation
Pattern telling why dogs bark, it is able to produce only one instantiated explanation: the luggage

somehow threatened the dog.

S3 asserts an arrest scene which reminds Meta-AQUA of a prior incident of weapons smuggling
by terrorists. The system then infers the existence of a smuggling bust that includes detection,
confiscation, and arrest scenes. Because baggage searches are the only detection method the sys-

tem knows, the srfihg event remains unconnected to the rest of the.story

Finally, S4 causes the question generated by S2 “Why did the dog bark?” to be retrieved, and the
understanding task is resumed. Instead of revealing the anticipated threatening situation, S4 pro-
duces another hypothesis: the dog barked because it knows drugs are in the luggage. The program
prefers the explanation given by S4 over the earlier one because the explanation provides greater

coherence to the story representation. However now the system is confronted by the fact that it
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had predicted one explanation to hold, but another explanation proved correct instead. It charac-
terizes the reasoning error as one in which there is 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). Using this characterization as an index, the system retrieves an

introspective explanation to apply to the trace of the reasoning that produced the errors.

The explanation helps in understanding why the prior reasoning failed, in determining what needs
to be learned in order to revise the sysgBK, and in selecting a learning algorithm to make the
revision. The explanation represents a common failure pattern such that a restriction on the type
definitions in conceptual memory causes the system to believe that an input is anomalous. Actu-
ally though, the situation is novel in that it has not been experienced before by the system. Thus,
the system has no explanation for the anontalt/instead attempts to apply an explanation that it

already has for a seemingly analogous situation. But this analogy fails.

Applying this introspective explanation to the failure trace allows Meta-AQUA to relax its con-
straint on objects of dog barking to include inanimate as well as animate objects. Thus, the system
performs abstraction on the constraint, raising it to physical-object. Furthermore, the new explana-
tion for the dog barking at the luggage is generalized via Explanation-Based Generalization (EBG)
(DeJdong & Mooney1986; Mitchell et al., 1986) to an abstract XP which asserts that dogs bark at
containers when they detect contraband. This new XP is then compared to theavid Xiey are

indexed so that the former applies when dogs bark at inanimate objects, whereas the latter applies

when dogs bark at animate objects.

Though the program is directly provided an explanation that links the story todé¢t@rAQUA

performs more than mere rote learning. It learns to avoid the mistakes made during the processing

35



of the storyThe application of Meta-XPs allows the system to use the appropriate learning strategy
(or multiple strategies) to learn exactly that which the system needs to know to process similar sit-
uations in the future correcthy subsequent story in which a police dog is used to find a marijuana

plant in a trash bin within a suspactiome produces no errors.

4.2 Process Model of Learning

Meta-AQUA records its reasoning during the task of story understanding in a trace structure sim-
ilar to the derivational analogy traces of the PRODIGY systeztoéd & Carbonell, 1991). These
knowledge structures contain representations for each of the reasoning phases: anomaly identifica-
tion, hypothesis formation, and verification. For each phase the structure records the considerations
that prompted the phase, the bases for making a reasoning strategy decision, and the result of such
strategy execution. After reasoning completes an inference chain, the reasoning trace is passed to
a learning process. The learning must then check for failures, explain and learn from the failure,
and in the ideal model, it should then verify that the learning was reasonable (see figure 8). When
failures occurthe system needs to explain why the failure occurred by applying an introspective
explanation to the trace. This explanation aids in blame assignment and in determining what to
learn. An Introspective Meta-XP (IMXP) provides a set of learning goals that are designed to mod-
ify the BK of the system, including thegamization (indexes) of that knowledge, in order to reduce

the likelihood of the error from recurring.

The main control algorithm of Meta-AQUA used for introspective (second-order) reasoning is
essentially the same as the XP-application control algorithm used in explanatory (first-order) rea-
soning in the AQUA and SMLE (Kass, Leake, & Owens, 1986; Schank & Leake, 1990) systems.
To describe how the introspective reasoning works, some background information on XP-applica-

tion follows.
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Figure 8: Phases of Learning

Explanation Patterns (XPs) are similar to justification trees, in that they link antecedent conditions
to their consequences. The XP is essentially a directed graph of concepts connected with
RESULTS, ENABLES and INITIAES links. A RESULS link connects a process with a state,

while an ENABLES link connects a precondition state to a process. An IINESBAink connects

two states. The set of sink nodes in the graph is called the PRE-XP-NODES. These nodes represent
what must be present in the current situation for the XP to.a@ppbydistinguished node in this set

is called the EXPLAINS node. It is bound to the concept which is being explained. Source nodes
are termed XP-ASSEHED-NODES. All other nodes are INTERNAL-XP-NODES (Ram, 1990,

1991, 1993).

For an XP to apply to a given situation, all PRE-XP-NODES must be in the current set of beliefs.
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If they are not, then the explanation is not appropriate to the situation. If the structure is not
rejected, then all XP-ASSHED-NODES are checked. For each XP-ASSER node verified,

all INTERNAL-NODES connected to it are verified. If all XP-ASSHD-NODES can be veri-

fied, then the entire explanation is verified. Gaps in the explanation occur when one or more XP-
ASSER'ED-NODES remain unverified. Each gap results in a question, which provides the system
with a focus for reasoning and learning, and limits the inferences pursued by the system. Given this
methodologythe algorithm for explaining and learning from a reasoning failure works much the

same wayFigure 9 outlines a similar control algorithm for an introspective multistrategy learner

The identification of blame during the learning phase is analogous to the method used in AQUA or
SWALE to explain anomalies in story inputs. Instead of taking as input a conceptual representation
of events in the world and outputting an explanation of the anphmalevey the blame assign-

ment process in Meta-AQUA takes as input a conceptual representation of the reasoning performed
in explaining an event in the world and outputs an explanation of the reasoning failure. Just as the
XP application algorithm can be applied to the world events, the algorithm in figure 9 can be
applied to the mental events, using Meta-XPs with a single level of recursion. A characterization
of the reasoning failure is used as an index to retrieve an abstract TWPstructure is then

bound with the trace of the reasoning to produce a variablized token. The sink nodes (PRE-XP-
NODEYS) in the structure are then checked to see if they are consistent with the current representa-
tion of the reasoning that produced an understanding the Kttirgy all can be verified then the
Meta-XP applies to the situation. If any are rejected, then the explanation is rejected. If any nodes
are neither confirmed or rejected, then a question is posed on the node. If the question cannot be
answered, then the introspection is suspended, the reasoning is indexed in memory and the process

is suspended. Later reasoning can opportunistically resume the process in the future.
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0. Perform and Record Reasoning in TMXP
1. Failure Detection on Reasoning Trace
2. If Failure Then

Learn from Mistake:

* Blame Assignment

Compute index as characterization of failure
Retrieve Introspective Meta-XP
Apply IMXP to trace of reasoning in TMXP
If Successful XP-Application then
Check XP-ASSERTED-NODES
If one or more nodes not believed then
Introspective questioning
GOTO step 0
Else GOTO step 0

» Post Learning Goals
* Choose Learning Algorithm(s)
» Apply Learning Algorithm(s)
(3. If Learning Then
Evaluate Learning)

Figure 9: Introspective Multistrategy Learning Algorithm

Once an IMXP is retrieved and successfully applied to the trace of failed reasoning provided by
some TMXP, the system must generate the learning as outlined in the introduction. Given some
anomal ous state the reasoner encounters, then, the three tasks of performing blame assignment, for-
mulating alearning goal, and choosing alearning strategy is equivalent to answering the following

three questions:
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* How did | get here?
* Where should | go to get out of here?

* How can | get there?

Subsequently it will:

* Go there as planned.

The first problem is to explain how the reasoner got itself in such a state of failure. Given such an

understanding, it then needs to figure out what direction to take to assure that this failure does not
repeat. Once a direction is chosen, then a method for getting to the location (goal) is determined.
Until now, the language describing the process of learning has been rather vague. A more specific

definition can now be provided.

4.2.1 Operationalized Phases of L earning

As the introduction g@ues in Section 1, there are three fundamental learning problems, all of which
must be addressed forfeftive learning in open-world scenarios. They are the credit or blame
assignment problem (Birnbaum, Collins, Freed, & Krulwich, 1990; Freed, Krulwich, Birnbaum &
Collins, 1992; Minsky1963; Stroulia, ShankaBoel & Penberthyl992; \intraub, 1991), decid-

ing what to learn (Hunted 989, 1990; Kellerl986; Krulwich, 1991; Leake & Ram, to appear;
Ram, 1991; Ram & Huntet992), and the strategy selection problem (Cox & Ram, 1991; Ram &
Cox, to appear; Michalski, 1991). The approach this research has taken in solving these problems

is summarized by the following operational definitions.

* Blame assignment: Take as input a trace of the mental and physical events that led to or preceded
a 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 TMXP describes how results or conclusions
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were produced by specifying the prior causal chain (both of mental and physical states and events).
Then retrieve an abstract IMXP from memory and apply it to the TMXP in order to produce an
specific description of why these conclusions were wrong or inappropriate. This instantiation spec-
ifies 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). Output 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. Include with the output, both tentative goal-dependencies and priority orderings on the

goals.

* Srategy selection: Take as input a trace of how and why a failure occurred and a set of learning
goals along with their dependencies; choose as output a set of learning strategies to apply in order
to accomplish the goals along with updated orderings on the set of goals. These learning strategies
are oganized as plans to accomplish the goals. The plans are sequences of steps representing calls

to specific learning algorithms such as EBG or index learning. Instantiate, then execute the plans.

Blame assignment is a matter of determining what was responsible for a given failure. Thus the
function of blame assignment in the Meta-AQUA system is to identify which of the possibilities

and their interactions could have led to the reasoning failure (see table 1).

4.2.2 Process Theory Functional Arguments
Some of the advantages of implementing the mechanisms between the blame assignment and strat-
egy selection stages by way of learning goals follbnese advantages are also common to stan-

dard planning paradigms.
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* Allows decoupling of many-to-many relationships. For a given failure there may be more than
one algorithm which needs to be applied for successful learning. Conyergghen algorithm
may apply to many dérent types of failures. The direct mapping of the possibilities (from blame

to choosing an algorithm) is morefaitilt and less flexible than the use of learning goals.

* Allows an opportunistic approach to solving learning problems. It is not always possible for suf-
ficient resources and/or knowledge to be available to perform learning when a system realizes that
it needs to learn. At the time this condition occurs the system can index the learning goal in memory

so that it can be retrieved at a later time when these requirements become available.

¢ Allows chaining, composition, and optimization of the means by which learning goals are
achieved. In many cases there may be significant overlap between several algorithms and a number
of goals. For example, two or more goals may be achieved with one algorithm, or multiple algo-
rithms may apply to a single goal. If more than one plan applies to the achievement of a particular
goal, a system should use the one that contributes to the maximal achievement of other goals with

the minimal amount of resources.

* Allows detection of dependency relationships, so that goal violations can be avoided. It is impor-

tant to recognize that when multiple items are learned from a single episode, the changes resulting
from one learning algorithm mayfatt the knowledge structures used by another algorithm. Such
dependencies destroy any implicit assumption of independence built into a given learning algo-
rithm that is used in isolation. For example, one learning algorithm may split a concept definition
into separate schemas, or otherwise modify the definition. Therefore, an indexing algorithm that
uses the attributes of concepts to create indexes must necessarily follow the execution of any algo-

rithm that changes the conceptual definition.

Another important issue in the strategy selection problem is the manner in which learning plans are
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created (Hunterl990; Redmond, 1992). There are two approaches to this issue: a system can have
either a static or a dynamic plann&static planner simply uses the characterization of the learning
goal and the context (explanations produced by the blame assignment phase) as an index into a
memory of stereotypical plans. Once retrieved, a learning plan is instantiated and parameterized by
the context, and then executed. More flexible and complex, the dynamic approach performs goal-

subgoaling to produce plans rather than simply using canned or hand-tailored plans.

This thesis claims that to recover from failure in open-world applications, it is necessary to perform
multistrategy learning. Single strategy systems are nbicisut. Furthermore, to perform multi-
strategy learning, one must worry about a number of factors that are not significant in isolated
learning systems. In particular system must be able to handle ifisight resources and knowl-

edge, dependency relations between algorithms at run-time, and alternative solutions and interac-
tions. Treating the learner as a planner is a principled way to treat théeseltilifs. Many of the
techniques from the planning literature, such as nonlinear and case-based methods, can be appro-
priated in multistrategy systems. Though Meta-AQUA is at present handling the learning problems
statically and in relatively simple situations, a dynamic planning scheme will be necessary to even-

tually achieve even simple levels of robustness.

4.3 Content Theory of Introspective Explanations

Whereas a face Meta-XP explains how a failure occurred, by providing the sequence of mental
events and states along with the causal linkage between them, an Introspective Meta-XP explains
why the results of a chain of reasoning are wrong. The IMXP posits a causal reckoning between
the events and states of the TMX#addition, an IMXP provides a learning goal specifying what
needs to be learned. Then, given such an explanation bound to a reasoning chain, the task of the

system is to select a learning strategy to reduce the likelihood of repeating the failure.

43



An IMXP consists of six distinctive parts:

» The IMXP type class.

 The failure type accounted for by the IMXP
* A graph representation of the failure.

» Temporal ordering on the links of the graph.

» An ordered list of likely locations in the graph where processing errors may have
occurred.

* A corresponding list of knowledge goals to be spawned for failure repair

There are three classes of IMXPs: base, core, and comgmsietypes constitute the blocks

with whichcore IMXPs are built. V& have identified six types in the base class: successful predic-
tion, inferential expectation failure, incorporation failure, belated prediction, retrieval failure, and
input failure. The core types are representations of the failure types described by the failure taxon-
omy, such as Erroneous Association, Novel Situation and Incomplete Domain Knowledge. Core
types are combined to foroomposite IMXPs that describe situations encountered by reasoning

agents, such as the example in section 4.1.

The internal graph structure of an IMXP consists of nodes, representing both mental states and
mental events (processes), and the causal links between them. The nodes and links have the same
semantics as those described for TMXPs at the beginning of section 4.2. The graph gives both a
structural and a causal accounting of what happened and what should have happened when infor-

mation was processed.

Knowledge goals represent what a system needs to learn (Ram, 1991, 1993; Ram & H98®r
and are spawned by the decide-what-to-learn stage. Knowledge goals help guide the learning pro-
cess by suggesting strategies that would allow the system to learn the required knowledge. The

Meta-AQUA system distinguishes between three types of learning go&isowledge Acquisi-
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tion Goal constitutes a desire for knowledge to be added to the BknoWwledge Organization

Goal represents a goal to adjust the indexes thganize the systes’knowledge. Using such
indexes a system carfiefently retrieve appropriate structures with which an input can be under-
stood or processed. FingllgKnowledge Removal Goal is a desire to intentionally fget a piece

of knowledge that has proved fruitless or actually detrimental to the function of the system. The
knowledge goals spawned by an introspective examination of a reasoning failure are achieved by
the use of learning plans, similar to those described by Hunter (1990) and Redmond (1992). The
plans are implemented as action sequences which call various learning algorithms. Because the
knowledge goals have pointers to the trace of the introspective reasoning, they have access to the

TMXPs and IMXPs involved in the analysis of the failure.

4.3.1 Base ClassIMXPs

Base class IMXPs represent a primitive type or component in the content theory of mental events
from which traces of reasoning failures may be constructed. The goal is to enumerfiteeatsuf
number of these basic types to cover the major kinds of reasoning failures that arise in story
understanding and other tasks. The types of failures discussed in the introduction to section 4 fall
into two complementary classes: commission error and omission @mmmission errors stem

from reasoning which should not have been performed or knowledge which should not have been
used. Omission errors originate from the lack of some reasoning or knowledge. The content the-

ory herein contains Base IMXPs to describe both classes of failure.

We have identified two types of commission errbmgerential expectation failures typify errors

of projection. They occur when the reasoner expects an event to happen in a certaut thay

actual event is diérent or missinglncorporation failures result from an object or event having
some attribute that contradicts some restriction on its values. Three omission errors have also

been identified:Belated prediction occurs after the fact. Some prediction that should have
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occurred did not, but only in hindsight is this observation mBeteieval failures occur when a
reasoner cannot remember an appropriate piece of knowledge; in essence it reprgséing.for

Input failure is error due to lack of some input information.cbnstruct the three core types high-
lighted in this paper (Erroneous Association, Novel Situation, and Incorrect Domain Knowledge),
representations for expectation failure, retrieval failure, and incorporation failure are needed. The

following subsections provide such representations.

Successful Prediction

An illustration of a simple base type representations is contained in figlifd_&0node A be an

actual occurrence of an event, an explanation, or an arbitrary proposition. The node A results from
either a mental calculation or an input concept. Let node E be the expected occurrence. The
expected node BEent al | y-resul ts from some reasoning trace enabled by some goal, G.
Now if the two propositions are identical, so thatlAE, then a successful prediction has
occurred?? Though successful prediction produces no learning, there must be a representation for

it.

For pedagogical reasons figutedversimplifies much of the representation in figure 10; however

it illustrates a successful prediction taken from the example program run. In concrete terms, it
says that the arrest scene in the drug bust was a part of an overall interdiction case remembered
from experience with smuggling acts by terrorists and that such experience produced the infer-
ence that the contraband must have been detected before the arrest. The prediction was later con-

firmed by the storg final sentence in which the dog detected the drugs.

19. Attributes and relations are represented explicitly in these figures. For instance, @R A@ibute of
an event X with some value Y is equivalent to the relgdiGhOR havingdonmai n X andco- domai n Y.

20. See Cox & Ram (1991) for a summary of interpretation farEA
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Figure 10: Successful Prediction Figure 1: Instantiated Successful Predict

Inferential Expectation Failure

Failures occur when & E. This state exists when A and E are disjoint, or when conflicting asser-
tions within the two nodes conflict. For example, A and E may represent persons, but E contains a
relation specifying gender = male, whereas A contains the relation gender = female. Inferential
expectation failures (figure 12) occur when the reasoner predicts one event or feature, but another
occurs instead. The awareness of expectation failure is initiatednioy -aequal s relation

between A and E.

Another simplified example (shown in figure 13) captures the reasoning that was initiated by the
sentence specifying the dog barked at the luggage. An abstract explanation concerning threats is

therefore retrieved and applied to the input. As a result, the system expects that the dog was prob-
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ably threatened. The story later contradicts this prediction, and thus the reasoner experiences a

failure.
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Figure 12: Expectation Failure Figure 13: Instantiated Expectation Failul

Retrieval Failure

As opposed to the representation of expectation failure, in retrieval failure the expectation (E) is
absent due to the inability of the system to retrieve any knowledge structure that could produce E
(see figure 14).d represent these conditions, Meta-AQUA uses non-monotonic logic values of

i n (in the current set of beliefs) amdit (out of the current set of beliefs) (Doyle, 1979).
Extended values includaypot hesi zed-i n (weakly assumed in) andypot hesi zed
(unknown). Thus, absolute retrieval failure is represented by A (truth) = E (truth = out).

The relation that identifies the truth value of E as being out of the current set of imehefs

tally-initiates the assertion that a retrieval failure exists. Cuts across links in the figure
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signify causal relations for which the truth slot of the link is alsb.

Figure 15 represents the failure as the understander not being able to retrieve anything that pro-
duces the prediction that the dog detects drugs. Knowing that nothing was remembered initiates

the reasonés conclusion that a retrieval failure has occurred.
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Figure 14: Retrieval Failure Figure 15: Instantiated Retrieval Faill

I ncorporation Failure

When the incorporation of some input into memory fails due to conflict with the BK, an incorpo-
ration failure exists. The conflict producesat - equal s relation between the actual occur-
rence and a conceptual constraint. This relatient al | y-i ni ti at es the anomaly (figure

16). Such anomalies are used to identify questions to drive the reasoning and learning processes.
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4.3.2 CoreClass IMXPs

Erroneous Association

An Erroneous Association, represented by inferential expectation failure, occurs when A # E.
This failure occurs when an index has associated some context with part of the BK that produced
incorrect inferences. A knowledge organization goal is spawned to adjust the index so that it will
still retrieve those structures in the BK when appropriate, but not in future instances similar to the
current situation. Learning plans are associated with such goals to execute a specialization algo-
rithm producing a more discriminating index. Because the goal has links to a declarative represen-

tation of the reasoning which produced it, the algorithm has access to the context of the error.

Missing Association
A Missing Association is represented by retrieval failure. Here, an appropriate knowledge struc-

ture was not retrieved because there was no index to associate the context with the structure. Thus
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some memory element, M, in the BK mustibe The goal associated with the IMXP is to find

M. If this can be verified! then the plan that found the structure directs an indexing algorithm to
examine the indexes of M, to look for an index compatible with the index calculated for A. If
found, this index is generalized so that the current cues provided by the context of A will retrieve

M and produce the expectation E. If no such index is found, a new index is computed. If M cannot
be found, a reasoning question is raised concerning the possibility that M exists. The question is
represented as a knowledge goal and indexed by the context of A, and the process is suspended. If
the question ("What was | trying to remember?" or equivaletitlges M exist and, if so, what is

the content of M?") is resumed because of a reminding, then an index can be generated to associ-

ate the context, C, with the item M.

In general, core IMXPs formed about a retrieval failure represent various casegetifrigr As

an illustration of the representation for such core IMXPs see figure I&rdDbif failure types can

be represented depending on the content and truth values of the nodes A, E, G, C, |, and M. These
types include Novel Situation, Missing Association,detten Goal, and Missing Goal (see table

1). For instance if M, the item to be retrieved, is not actually present in the BK, then the structure
signals a Novel Situation. Alternativelfthe item is present, but the index, I, is not present, then

a Missing Association, or fgetting, in the normal sense of the word, is represented. Also, if the
item to be retrieved was actually a suspended goal, thengatteor Goal failure type has
occurred. Finallyif G does not exist, then the agent did not try to remember (does not have the

goal to retrieve). This instance is called a Missing Goal.

21. The presence of M can be determined if the reasoner is reminded of M after a failure. For example, in the
case of the stranded motorist she is reminded of tigetten goal to fill up with gas as the car grinds to a
halt. That is, the cues present in the context after the car stopsfaiersub retrieve the goal, whereas
those cues present at the time the agent was at the gas station were not. Alternatively an agent can elaborate
the current context, C, generating additional cues from which to retrieve the item, M. If this can be per-
formed, then it concludes that it previouslygior the item (the explanation is indeed one of Missing Asso-
ciation), otherwise the Core IMXP represents a hypothesis ("I might hayaitéor the item").
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Figure 17, howeverepresents a missing association because the index is not in the set of beliefs
with respect to the BK (that is, the association between the context and the memory item is not
present in the BK?,2 while at the same time, the item in memory is in this set of béfiefbe
numbers on the links in figure 17 indicate the following sequence of inferences in the pattern. The
agent produced a goal to remembehnich enabled the attempt at retrieval. Because the correct

index was not present, though, the retrieval did not result in the item E. Knowing that this item, E,

22. See Cox and Ram (1992b) for explanations concerning the exact interpretation of the modification to the
belief logic of Doyle (1979). In brief, the extension allows assignment of truth values with respect to a par-
ticular set of beliefs (e.g., BK or FK), rather than to all beliefs of the agent.

23. In all figures of this document there is an implied truth valueefssociated with any node not specifi-
cally depicted as have a truth valueoaot .
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is not in the set of beliefs with respect to the FK (i.e., is not in working memory) initiates the state
of believing a retrieval failure exists. Some later input may then produce an item A that reminds
the agent of the fgotten item. The IMXP indicates that the missing node, I, is probably responsi-
ble for the errarThe IMXP also suggests that a knowledge acquisition goal should be spawned to
produce the correct index. Once a goal scheduler chooses this learning goal, it can select a learn-
ing algorithm, such as an index learning algorithm, to either generalize an overly specific index

for M, if the index exists at all, or to create one if it does not.

Novel Situation
As discussed in the previous subsectidovel Stuation is structurally like a Missing Associa-
tion, except the node, M, (and thus its associated index) has a truth value dhat is, no item

in memory can be retrieved and reasoned with to produce the expectation of a concept like A.

A Novel Situation occurs when M is missing (truthoat gx) and ES truth slot is either

hypot hesi zed- i n or out . When Meta-AQUA identifies a novel situation it posts a goal to
learn a new explanation of the event. The associated plan is to perform EBG on node A, so that
the knowledge can be applied to a wider set of future events. The plan also directs an indexing

algorithm to the same node so that the new explanation will be retrieved in similar situations.

I ncorrect Domain Knowledge

Only one instance of the failure typacorrect Domain Knowledge is currently represented. This
failure is an inconsistency between a known fact and a constraint in the BK. Such failures invoke
a knowledge acquisition goal to adjust the constraint in the BK. An associated learning plan then
tests whether the two assertions (the fact and the constraint) are conceptual siblings. If this is so,
then the program will perform abstractfdron the constraint, raising it to its parent on the basis

of induction. The constraint is then marked as béygot hesi zed- i n. The reasoning chain
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that led to this hypothesis is indexed tfe hypothesis so that the reasoning chain can be
retrieved when the constraint is used in future stories. The hypothesis is verified if the anomalous

assertion is re-encountered in later situations.

4.3.3 Composite Class IMXPs

Composite IMXPs are the abstract structures instantiated in particular instances of reasoning fail-
ure. They are used by Meta-AQUA to perform blame assignment and to choose a learning strategy
They represent typical patterns of failure, given the type of reasoner described in thi©paper

of the intuitions investigated by this research is the claim that a limited number of major patterns
of failure exists, that not just anything will happen, assuming a regular world and a rational rea-
soner Thus, the matching necessary to determine what failure pattern corresponds to a given fail-
ure event is tractable, whereas the search to construct an analysis of the same failure from first
principles is exponential. The power of our approach then comes from the coverage of those situ-
ations enumerated in table 1, the quality allowed in our language for expressing them, and the con-

straints imposed by which combinations are allowed.

In the drug bust example the XP application procedure produces the explanation in figure 18. Note
that the reasoning which produced the failure is captured in a simple linear TMXP partially shown
in the figure. The Pose Question and XP Application nodes constitute part of a Generate Explana-
tion phase. The TMXP is terminated by thexify Hypothesis node that results in the expectation
failure. This structure was input to the blame assignment phase of learning. An abstract composite
IMXP called NOVEL-SITUAION-ALTERNATIVE-REFUTED was bound with this trace to
produce the token graphed in figure 18. This entire explanation constitutes the output of blame

assignment.

24. The use of the term "abstraction” is as defined by Michalski (1991), and can be opposed to that of "gen-
eralization.” The former is an operation ondize dorai n of a relation, whereas the latter is an operation
on thedomai n of a relation.
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The composite Meta-XP consists of three core Meta-XPsNovel - Si t uat i on (centered

about “Retrieval Failure”XP- Er r oneous- Associ at i on (centered about “Expectation Fail-

ure”) andXP- | ncor r ect - Donai n- Know edge (centered about “Incorporation Failure”). In

plain terms the composite says that the slbgrking at the luggage caused a failure to incorporate

the input, because the system had never experienced a dog barking at inanimate objects. This fail-
ure resulted in an anomaly that Meta-AQUA tried to explain. The program wondered why the dog
barked (posed the question Q) and explained it by producing the hypothesis that the dog was threat-
ened (expectation E). This expectation failed because the later inpuwrd8 not agreeable with

the expectation, constituting an explanation of what happened. What should have happened is indi-
cated in the lower third of the graph. The agent should have applied the detection explaffation (M

to produce an alternative explanatior)(&hich would have agreed with the actual event. It could

not, because the knowledge of this type of cause for dogs barking was novel, and hence unknown

(out of the set of beliefs with respect to the BK).

The plan, seeking to achieve the knowledge goal spawned byPtisovel - Si t uati on

directs an EBG algorithm to be applied to the explanation of the bark (3ddgirce the detection

scene of the drug-bust case and the node representing fimg s unified due to the explanation

given in S4 (see pa@3), the explanation is generalized to drug busts in general and installed at
the location of node MThe explanation is then indexed in memargating a new index jlasso-

ciating the explanation concerning detection of contraband with the barking by dogs at containers.
The plan for the goal of théP- Er r oneous- Associ at i on directs an indexing algorithm to

the defensive barking explanation (node E). It recommends that the explanation be re-indexed so
that it is not retrieved in similar situations in the future. Thus, the index for this XP (node 1) is spe-
cialized so that retrieval of the threat explanation occurs only when there exists barking by dogs at

animate objects, not physical objects in general. The plan achieving the goakBf thecor -
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rect - Domai n- Knowl edge directs the system to examine the source of the stanomaly
The solution is to alter the conceptual representation of "bark" so that the constraint (node C) on

the object of dog-barking instantiations is abstracted from animate objects to physical objects.

The abstract composite IMXP from which this explanation is built represents a class of reasoning
errors that we claim are quite common. Some overly restricted concept leads a reasoner to think
that some related but slightly fiifent concept is unusual. This leads the reasoner to explain the
oddity. Because the input is actually an exception to the conceptual definition that the agent has
never experienced before, the agent does not have the correct knowledge with which to interpret
the input. Instead it chooses some related but causally misleading explanation with which to under-
stand the input. For example, the AQUA program believes that those who commit suicides must
be depressed. Thus, when it reads the story of Hamida an anomalous event drives it to explain the
action. If the system attempts to explain the suicide as a fanatical event, but later finds out that
Hamida was actually blackmailed into the deed, then a problem similar to the drug-bust failure
exists. The problem stems from the interaction between an overly restrictive interpretation of sui-
cide, an inappropriate use of the religious-fanatic explanation, and an unknown explanation about
suicide bombers. Although AQUA is able to learn about the new explanation in this case, the learn-
ing performed is hard-wired into its functions and its flow of control. There is no actual represen-
tation of how AQUA processes a stoitytherefore can neither understand or make decisions based
upon such reasons, nor explain decisions to itself or others. The changes that would be necessary
for AQUA to learn from the drug-bust example would involve domain representations,rbainly

to learn from another pattern of failure would require major changes to the structure of the AQUA
program itself. ContrastingliMeta-AQUA need only add another composite IMXP and the requi-

site learning algorithms if not already present.

57



5 CONCLUSIONS

In summary there a a number of expected contributions from this research. As outlined by this text,
the final goal is to establish a specific solution to the strategy selection problem. A more general
contribution is to produce a computational model of introspection, and furthermore, to establish the
conditions under which such an approach to reasoning and learning is productive. In order to build
such a model, a language of mental events and mental causality must be constructed. Thus, a con-
tent theory and process theory of both question-driven story understanding and learning must be

fully developed.

The remainder of this section will compare the models of understanding and learning as described
in the previous sections. Related research in both the artificial intelligence and the psychological
communities is then outlined. Appendix A will close the proposal with a discussion of evaluation

measures to test the theory and a tentative plan with which to execute the research.

5.1 Comparison of Learning and Under standing

Throughout this exposition numerous parallels have been drawn between introspective learning
and understanding. Compare figures 5 and 8, for example, which show the phases of learning and
understanding as modeled in our work. This paper lgady given a multistrategy approach, that

a good strategy for both is to identify anomalies, then generate some response to the gnrermaly

test the response. The augmented generate-and-test paradigm fits equally well. Both are concerned
with selecting a strategyather than applying a particular one. Both models are highly top-down

and goal-driven. As many of thegaments advanced in this paper shgoals are essential for

both focus and direction.
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Both the form and the function of the generation phases in learning and understanding are similar
(see figure 19). The structure of both is to take some unusual input (reasoning failure or incongru-
ous concept), elaborate the input, generate some goal that provides focus for the process, then

change some knowledge base to achieve the function of the process.

There are a number of tBfences, of course, between learning and understanding. For example,
understanding can be likened to recovery; learning can be likened to Irefiaér planning litera-

ture a number of researchers have made the distinction between recovery and repair (see, for exam-
ple, Owens, 1991; Hammond, 1989). When a plan fails, the planner must recover from the error so
additional progress can be made toward the goal. After recakierglan needs to be repaired and
stored again in memargo that the plan failure will not recudfor example (taken from Owens,
1991), if an autonomous robot vehicle finds an expected fuel cache missing and thereby runs out
of gasoline, it must first recover from the potentially threatening situation by obtaining fuel. Owens
claims that the explanation of the failure will dictate the means of recaveyefore, if the robot
concludes that it cannot find the gasoline because it is lost, then it should recover by obtaining ori-
entation information; whereas if it explains the fsi@lbsence because of theft, then the recovery
taken will involve turning back or calling for assistance. The repair (to adjust its plans and the
information upon which the plan was based) also follows from the explanation of the failure. For
instance, if the robot previously considered taking on extra fuel, but did not, because it assumed
that the fuel cache would be at the proper location and easy to find, then this explanation of its deci-
sion would lead the system to modify its knowledge concerning the persistence of fuel caches. This
modification would bias it toward conservative decisions in the future, and thus less likely to repeat

the failure.

This difference between recovery and repeaan be applied to the processes of understanding and

learning in a complementary mann€he understanding process requires a recovery phase when
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it fails. If some explanation does not work, then first there is a need to create a new explanation or
somehow to seek one out. Once the correct (or more useful) explanation has been derived, the sys-
tem needs to learn from the experience by repairing its knowledge, so as not to repeat the failure.
Thus, as seen in figure 19, the understanding process operates on the FK to instill the change that
removes the anomaly (thus constituting the recovery); whereas the learning process operates on the
BK, producing a repaired knowledge base with which the failure will not be as likely in future sim-

ilar situations. The recovery is a systemésponse to anomalous input from the outside world that

its knowledge could not adequately understand, whereas the learning is a response to the mental

world’s inadequacy

There are good functional reasons for having an explicit input analysis stage in both learning and
understanding. Most programs accept cleanly defined problems as input, where there exist little
ambiguity and sharp distinctions concerning what needs to be done. In more realistic systems there
is a need for problem elaboration to clarify what may actually be ill-defined tasks. For example,
the task of design is usually well defined relative to many understanding and learning tasks. A
designer is often given very specific design specifications from which an artifact must be assem-
bled or created. The task of coming up with such specifications is not usually part of the design
system. Specifications are usually provided by the user or programnoemprehension tasks

such as story understanding, howetlee problems are not usually so well defined. In learning, the
problem of recovery is to modify the story representation in such a way that the anomaly is coher-
ent with respect to the rest of the story and the systBi: This specification is so broad that
either the programmer must be very clewer as to include the specifications impligitly the
explanation must be somewhat triviab farrow the range of behaviors appropriate for recovery

then, is to elaborate the input anomaly as to identify what went wrong and why
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5.2 Artificial Intelligence Related Researh

Our approach to using an analysis of reasoning failures to determine what needs to be learned is
similar to Mooney and Oursta(1991) EITHER system, Park andlkis’ (1990) MINERVA

program, the CASTLE system of Birnbaum et al. (1990), and Stroulia and Gt#%2) MER-
ROUTER, but with some important tifences. W have focused on the use of meta-models for
explicit representation of domain knowledge and of reasoning processes in an integrated, multi-
strategy reasoning and learning system. Unlike Mooney and Ourston and Parkkamsl \We

have not assumed a single reasoning paradigm (logic-based deduction and rule-based expert sys-
tems, respectively) in terms of which failure situations and learning strategies are characterized.
Rather it is the architecture that provides a basis for a highwal characterization, which in turn

could be implemented in dgrent ways depending on the reasoning paradigm. In fact, Meta-
AQUA uses various reasoning methods, primarily case-based reasoning. Birnbaum et al. (1990)
focus on the process of blame assignment by backing up through justification structures, but do not
emphasize the declarative representation of failure types. They explicitly model, hotever
planner itself. They also explicitly model and reason about the intentions of an actor in order to find
and repair the faults that underlie a planning failure (see Freed et al., 1992). Though much is shared
between CASTLE and Meta-AQUA in terms of blame assignment (and to a great extent CASTLE
is also concerned with deciding what to learn), they do not use failure characterizations to formu-

late explicit learning goals or to select learning strategies in a multistrategy learning system.

Owens (1991) has enumerated a failure taxonomy of planning errors thgelg farbsumed by

the failure taxonomy of this research, with one prominent exception. Owens’ taxonomy includes
failures attributable to time constraints, such as plan failures due téadiesuftime to complete

the task and achieve the goatt ¥t is an open question how the framework presented here can rep-

resent temporal failure types. Collins et al. (1992) have modeled the time constraints of a planner
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in a chess domain, howeyérte use of a logic formalism and the cognitively implausible construct

of priority queues makes direct transfer to Meta-XP theory unlikely

Finally, our work focuses on reasoning failures, and not only on performance failures (in both the
Birnbaum et al. and Owens’ cases, planning failures). Stroulia ands@pefoach focuses on a

design stance characterization of the reasoner as a device, whereas our approach, as with the
approach of Birnbaum et al. take a more intentional stance toward the r@és‘ﬂnﬂeanalysis of

Stroulia (1992), characterizing the ways in which such a device could fail, yields a taxonomy of
failure types similar to ours. Howeydike the previous studies, they too do not use declarative
characterizations of reasoning failures to formulate explicit learning goals. Despite tferse dif

ences, we emphasize that the above approaches have much in common with Meta-AQUA.

5.3 Psychological Influences and Support

"One form of metacognition - metacorapension - addisses the abilities of
individuals to adjust their cognitive activity indarto promote maog effective
compehension. W have been intested in a specific aspect of
metacompehension - namelyhe manner in which questions generated bycssur
external to the learner (i.e.,dm the teacher or text), as well as those questions
generated by the learners themselves, servedm@e their commhension of
text."

--Gavelek & Raphael (1985).

The literature on metacognition (cognition about cognition where the self is a referent) provides a
wide array of influences and support that bear on the research presented in thiSyrapedel

of integrated introspective learning makes several claims about the nature of learning, reasoning,
and introspection that are supported by research in psychology and metacognition. As suggested

by the quotation above, there is a special relation between metacognition, question asking and text

25. InterestinglyCollins et al. ayue from both a design stance and an intentional stance.
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understanding. In &fct, human learners use question-asking and question-answering strategies to
provide an index into their level of comprehension of a given piece of text. This metacognitive
feedback helps readers find areas where their understanding of the story is deficient, and thus where
greater processing is necess&@uych a perspective supports our claim that question generation is

a key activity in text comprehension, and also that meta-level processing is important in such a

learning context.

The Meta-Explanations in this approach are similar to self-explanations (Chin&é&hn, 1991;

Pirolli & Bielaczyc, 1989; Van Lehn et al., 1992). This research shows that formulation of self-
explanations while understanding input examples significantly improves the subjects' ability to
learn from the examples. Onefdience between the two approaches is that self-explanations are
self-generated explanations about the world, whereas meta-explanations are explanations about the
self. Despite the diérences, experimental results in the metacognition literature suggest that intro-

spective reasoning of the kind proposed here can facilitate reasoning and I%%rning.

Wellman (1983, 1985) views human metacognition not as a unitary phenomenon, but rather as a
multifaceted theory of mind. Metacognition involves several separate but related cognitive pro-
cesses and knowledge structures that share as a common theme the self as referent. Such a theory
of mind emeges from of an awareness of thefaliénces between internal and external worlds,

from the perception that there exist both mental states and events that are quite discriminable from
external states and events, but that mental states have a close tie to the outside world. This theory
encompasses a humber of knowledge classes consideredlloyawto be psychological vari-
ables:person variables that deal with the individual and others (for example, cognitive psycholo-

gists can recall many facts about cognition, whereas most people céaskoiyriables, which

26. See Cox (1993) for a review and critique of the psychological research on metacognition in the area of
problem solving and the relevance of Meta-XP theory to such research.
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concern the type of mental activity (for example, it is moricdit to remember nonsense words

than familiar words), andrategy variables that relate to alternative approaches to a mental task
(e.g., to remember a list it helps to rehearse). FinAyiman’s theory includes a self-monitoring
component, whereby people evaluate their levels of comprehension and mental performance with

respect to the theory and the norms the theory predicts.

There are four important ways that such metacognitive knowledge and capabilities bear on work
in introspective learning. First, and foremost, is the emphasis on cognitive self-monitoring. This
behavior is the human ability to read aneivn mental states during cognitive processing (Flavell

& Wellman, 1977; Wliman, 1983, 1985). A person has a moment-by-moment understanding of
the content of one's own mind, and therefore, both internal cognitive feedback and a judgement of
progress (or the lack thereof). Garner (1987) hgseat that metacognition and comprehension
monitoring are important factors in the understanding of written text. Reading comprehension is
therefore considered to be chiefly an interaction between a r®&dpectations and the textual
information. Psychological studies have also confirmed a positive correlation between meta-mem-
ory and memory performance in cognitive monitoring situations (Schnei@i8b; Véllman,

1983). This evidence directly supports the conviction that there must be a second-order introspec-
tive process that reflects to some degree on the performance element in an intelligent system, espe-

cially a system involved in understanding tasks.

Second, our Meta-XP theory places a heavy emphasis on explicit representaimeoflthought,

as well as the products of thought, are represented as metaknowledge structures, and computation
is not simply the calculated results from implicit sidkeets of processing. This emphasis is ech-

oed in Chi's (1987) gument, that to understand knowledggamization and to examine research
issues there must be some representational framework. Althougbinigvérom the framework

suggested by Chi, Meta-XP theory provides a robust form with which to represent knowledge
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about knowledge and knowledge about process. For example, Meta-XPs can represédet-the dif
ence between remembering andyidting (Cox & Ram, 1992b). Since fmtting is characterized

by the absence of a successful outcome, it is quiieudifto capture in most representational lan-
guages. In general, fpetting is a neglected issue in Al and computational learning research, yet
forgetting is a significant issue in the metamemory literature (Sp@a8; Ve¢llman & Johnson,
1979). This paper hasgared for its importance, howeyand specified a formalism that captures

such memory and processing phenomena.

Third, because the approach taken by the introspective learning paradigm clearly addresses the
issues of memory ganization and the indexing problem, it can assign blame to errors that occur
from mis-indexed knowledge structures and poorlyanized memoryAs Ram and Cox (to
appear) aggue, the memory ganization of suspended goals, BK, and reasoning strategies are as
important in determining the cause of a reasoning failure as are the goals, propositions and strate-
gies themselves. Thus, memory retrieval and storage are relevant in deciding what to learn and
which learning strategy is appropriate. This claim is supported by the metamemory community's
focus on oganizational features of memory and their relation to the human ability to know what

one knows, even in the face of an unsuccessful memory retrieval.

Finally, both metacognition theory and Meta-XP theory address the issue concerning & person’
ability to assess the veracity of their own responses. In addition, because a person has a feeling of
knowing, even when recall is blocked, the agent can mékeaf use of search. Thus, search and
elaboration is pursued when an item is on e of the tongue™” and abandoned when an item is
judged unfamiliarThis search heuristic providedieient control of memory and avoids the com-
binatoric explosion of inferences (Lachman, Lachman & Throneshé&i9). Modelling this
dimension of human metaknowledge requires a two-layered memory architecture. In the lower

layer would be the actual memories, cases and propositions. The second layer would be a
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metamemorywhich stores memories of the first layEhis model would account for the human
ability to know what one knows. This second layer might be composedad Meta-XPs, perhaps
representing the memories of retrieving a past meniugh work remains to be done to imple-
ment and test such a model, but our framework allows a natural integration of these ideas into the

existing implementations.

One of the major diérences between the manner in which humans learn and the manner in which
machines do is that humans perform dynamic metacognitive monitoring or self-evaluation.
Humans often know when they are making progress in problem solving, even if they are far from
a solution, and they know when they havédisigntly learned something with respect to some goal
(Weinert, 1987). They know how to allocate mental resources and can judge when learning is over
Many reviews (e.g., Chi, 1987; Schneid&985; Wllman, 1983) cite evidence for such claims.
Research in Meta-XP theory is a step in the direction of adding this metacognitive monitoring

capability to Al systemg.7

27. It should be noted that the learning strategies selected by programs such as Meta-AQUA are at a finer
level of granularity than those examined by much of psycholegyexample, it would be misleading to
assert that the types of learning strategies studied by the metacognition community are similar to index
learning, explanation-based generalization, and other learning strategies in Meta-AQUA. Instead, meta-
cognition research focuses on a person's choice of strategies at the level of elaboration or rehearsal. How-
ever many of the results from metacognition research do support the overall approach taken in this thesis.
Although our research is currently building computer systems at what might be called the micro-level,
eventually it would be desirable to build systems that integrate the kinds of behavior exhibited by human
learners at the macro-level as well.
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A APPENDIX: Research Agenda

This appendix provides a brief sketch of how Meta-XP theory might be evaluated both quantita-
tively and qualitativelyboth computationally and psychologicaiynd how the theory can be fur-

ther implemented.

A.1 Evaluation

Part of the research will be to develop good evaluation criteria. Unlike other domains in machine
learning, such as classification tasks and problem solving tasks where optimal or provably correct
solutions to well defined tasks exist, it is unclear how to evaluate understanding and comprehen-
sion tasks. The question of what it means for an agent to understand something is not easily answer-
able in general terms. Comprehension problems aferafit from more quantitative problems

such as mathematics or puzzle solving. There is a definitive answer to the question, "What is 2 +
2228 put to truly answer the question, "Why did the actor commit suicide?" requires interpretation
and inference with respect to the world, and perhaps an understanding of why the question is being
asked. There simply is no one correct reason, rather there are many answkneat [ivels of

specification, depending upon the context and the knowledge of the reasoner
The first and last sentences of the abstract form the testable hypothesis of this research:

The thesis of this proposal is that introspection facilitates learning by providing a
basis for identifying what needs to be learned and for selecting an appropriate
learning algorithm. ... Thus, the object of the proposed research is to develop both
a content theory and a process theory of introspective multistrategy learning and to
establish the conditions under which such an approach is fruitful.

28. Of course, this statement assumes that the addition is not being conducted in base 4 or less.
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The claims are therefore that

1. Introspection facilitates learning.

2. There are conditions for which claim #1 is true, and other conditions for which it
is not true.

3. The process and content theories constitute a reasonable model of introspection.

Although much work remains in determining the best evaluation for these claims, a beginning is
as follows: Holding other factors constant, if the rate of improvement in a performance task can be
shown to be greater with introspection than without, introspection must be responsible for the
improved performance. Second, if the distributions of the kinds of failures generated by the perfor-
mance task change the nature of thietehces in the learning curves in the previous measure, then
the applicability conditions can be established for indicating when there is a gain for introspection
and when there is not. Finally, with minimal changes, the Meta-AQUA model can cover real

human data on metacognition, then the theory is reasonable.

A.1.1 Computational Empirical Evaluation

One promising approach to establishing the thesis is to perform ablation studies: to fdrent dif
learning function with and without introspection. The model of introspection presented here relies
on the four steps in learning provided by IMXPs, which are to perform input elaboration or blame
assignment, to post a learning goal, to select a straadythen to perform the strategymore

reflexive, or automatic, way to choose the learning strategy is to simply identify a failure, then
select a learning strategy based on a static association between fault and method. Thus, given a

number of input stories, learning curves can be established as a function of the number of inputs.

Two performance measures are obvious candidates for this evaluation. The number of concepts or

indexes the system acquires, modifies or deletes provides one empirical measurement. The number
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of anomalies generated in stories reflects how well it understands a given domain. The thesis that
introspection facilitates learning can then be established, if the curve of introspective strategy
selection indicates an improvement over the curve of reflexive strategy selection. This independent
variable (use of introspection) is then manipulated by removing all IMXPs from meimaongir

stead direct associations of failure and strategy replace the sequence of input elaboration (blame

assignment), followed by the posting of learning goals and then strategy selection.

Pazzani (1991) has established a relatively unbiased approach to generating test data. A program
called Ble-Spin is used to generate pseudo-random stories in some domain, by providing the pro-
gram with a given domain representation. This method is an improvement over hand-coded input,
since it reduces the bias introduced by the progran@mneen various input stories, Meta-AQUWA

task is to understand the stories and to acquire the domain knowledge-&pin. Meta-AQUA

is given a similar domain theory possessing gaps, incorrect assertions, and missing or incorrect
indexes. The expectation is that the number of items to be learned can be quantifider@nedif
between @le-Spins knowledge and Meta-AQU#knowledge. So, as Meta-AQWAdomain the-

ory approachesale-Spins, the number of anomalous inputs should be reduced as a function of the
number of inputs processed. This process will produce a learning curve. The input can then be

repeated on the program with introspection disabled.

A.1.2 Cost-Benefit Analysis

Research into introspection has long been controversial. Not only has it been claimed by some that
learning can be explained without such a theoretical construct, but it has been empirically shown

by Wilson and Schooler (1991) and others that there are conditions under which introspection actu-
ally degrades performance. Likewise, computational introspection is not expectedfectrecef

under all circumstances. Under extremely complex situations, or in data-impoverished circum-

stances, deciding on a specific learning goal may be intractable. Identifying these conditions is

70



therefore a quite desirable goal.

The space of applicability conditions for introspection is expected tgyerfrem the types of fail-

ures possible in Meta-AQUA, asgamized by table 1. It has already been shown through the exist-
ing implementation that introspection is possible in Meta-AQUA. Thus, a lower bound is already
available. It is clearly not possible to reason in afgcéive manner if all possible failures occur

at once. So an analysis of the interaction of failure types in the table should result in a set of com-
plex failures that can be programmed inddefSpin so as to produce various distributions of errors.

It is expected that certain failure combinations and distributions will beutliffor Meta-AQUA

to learn from. As with the ablation stydyeasures with and without introspection provide the
independent variable for the evaluation of learning. The results should determine those combina-
tions that are either impossible to recover from, or those for which a simpler reflexive or associative

approach is more suited.

A.1.3 Psychological Empirical Evaluation

Recker and Pirolli (to appear) have shown that a-Based model of learning called SURF can
explain individual diferences exhibited by human subjects while learning to program in LISP
using instructional text. The di#rence that accounted for much of the variability was self-expla-
nation strategies. Those students who explained problems to themselves during comprehension of
the instructions performed well on a subsequent performance task consisting of LISP programming
exercises. The students who did not exhibit this behavior were not as likely to excel in the LISP
task. The SURF model predicted sucHedd#nces. The model took into account, howewaly
domain-related elaborations; whereas subjects exhibited other self-explanations that the model did
not cover In particulay some subjects seemed to exploit metacognitive feedback, like comprehen-
sion monitoring, in order to judge when to learn. If self-reflection on the states of a sulpect’

prehension of the instruction indicated an understanding failure, then this was sometimes used as
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a basis to form a learning goal.

These data seem well-suited for implementation in the Meta-AQUA framework, and have the vir-
tue of already existing. An additional virtue is that both the data and the Meta-AQUA model arose
independentlylf Meta-AQUA can be changed with minimafat, including the addition of the
learning strategies suggested above, then there is evidence that Meta-XP theory is a reasonable
model of introspection. In addition, the model gains credibility if it can be extended to a new per-
formance domain: instructional text comprehension in addition to story understanding. If the
changes to the model are significant, howethem the believability of our theory as an approxi-

mate model of human metacognition is lessened.

Part of this evaluation will include a comparison to the Soar/SURF model of learning. Although
the fundamental philosophies and approaches of multistrategy learning and learning via chunking
appear to be incongruent, it is anticipated that tHerdifices can be reconciled, and that a complete
accounting of learning will likely include both theories. In addition, Soar claims to possess a meta-
level architecture (see Rosenbloom, Laird, and Newell, 1988). These claims must also be evaluated

with respect to the theory embodied in Meta-AQUA.

A.2 Plan

As described briefly in section 4.1, “Implementation and Example,” and in more detail in Cox &
Ram (1991, 1992a) and Ram & Cox (to appear), a significant implementation of Meta-AQUA
already exists that performs story understanding, blame assignment, strategy selection, and repair
A significant amount of domain knowledge has been represented in a frame language representa-
tional system written by the authdk significant amount of work remains to be accomplished,

however before the dissertation can be written.
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The initial step in achieving this thesis is to complete the representations that comprise the taxon-
omy of reasoning failures in table 1. Many of the cells of the table are currently represented, includ-
ing some not described in this document. At present, representations exist for the following
columns: domain knowledge, knowledge selection, and input. In addition, representations exist for
the missing-goal and fgotten-goal cells. It is anticipated that the modtalift representations to
generate will be the processing strategy columnepresent a function that is incorrect will prob-

ably entail having a representation for process itself, and the recursive behavior that it exhibits.
Either the Structure-Behaviéiunction language of Stroulia (1992) or the formalism of Kuokka
(1990), suitably augmented to accommodate goals, may be useful for the task; any representation

that provides stitient coverage will probably be similar to one of these models.

As briefly mentioned at the end of section 3.4Xd@nomy of Reasoning Failures,” relations among

the cells of table 1 exist. If these relations are ascertained, then they may be used to constrain infer-
ence by the system. A trivial constraint is that it cannot be true that a dimension, such as input, is
both correct and wrong. Heuristics must also be developed to distinguish syntactically similar fail-
ure patterns. For example, a useful heuristic would be a rule that helps to determine whether a fail-

ure is due to noisy input or rather a novel situation.

A copy of Pazzang implementation ofdle-Spin exists on file at the Gga Institute of €chnol-
ogy. Many changes, including knowledge representation as well as procedural changes, will be
required to implement the problem generator briefly described in appendix subsection A.1.2,

“Cost-Benefit Analysis.”

At this time, the planning mechanism and the learning plans that compose the learning strategies
associated with particular knowledge goals are treated very simplistitaliye complete, much

more work remains to be accomplishedioTpossibilities exist with which to implement a robust
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planner Either a case-based planner could be produced (or borrowed and adapted), for example,
the CHEF program described by Hammond (1989), or a traditional non-linear planner could be

incorporated.
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