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A GENERAL EXPLANATION-BASED LEARNING MECHANISM
AND ITS APPLICATION TO NARRATIVE UNDERSTANDING

Raymond Joseph Mooney, Ph.D.
Department of Computer Science
University of Illinois at Urbana-Champaign, 1988
Gerald Francis DeJong, Advisor

Explanation-based learning (EBL) is a learning method which uses existing knowledge of the
domain to construct an explanation for why a specific example is a member of a concept or why a
specific combination of actions achieves a goal. This explanation is then generalized in an analytical
manner in order to produce a general concept description or plan schema. Although a number of
exploratory EBL systems which operate in particular domains have previously been conétructed,
recent research in this area has lead to the development of general mechanisms which can perform

explanation-based learning in a wide variety of domains.

This thesis describes a general EBL mechanism, EGGS, which can make use of declarative
knowledge stored in the form of horn clauses, rewrite rules, or STRIPS operators. Numerous
examples are presented illustrating its application to a wide variety of domains, including “‘blocks
world” planning, logic circuit design, artifact recognition, and various forms of mathematical

problem solving. The system is shown to improve its performance in each of these domains.

EGGS has been most thoroughly tested as a component of a narrative understanding system,
GENESIS, which improves its own performance through learning. GENESIS processes short English
narratives and constructs explanations for characters’ intentional behavior. When the system
detects that a character has achieved an important goal by combining actions in an unfamiliar way,
EGGS is used to genefalize the specific explanation for how the goal was achieved into a general
plan schema. The resulting schema is then retained by .the system and indexed into its existing
knowledge-base. This schema can then be used to process narratives which were previously beyond
the system’s capabilities. The thesis also discusses GENESIS' ability to learn meanings for words
related to its learned schemata and reviews several recent psychological experiments which
demonstrate that GENESIS can be productively interpreted as a cognitive model of certain types of

human learning.
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PREFACE

Artificial Intelligence is a young science whose methodology is still developing. Their
currently exist a number of relatively distinct methodological perspectives or paradigms [Kuhn70]
in Al research. Hall and Kibler [Hall85], have proposed the following taxonomy of methodological

perspectives in NG

#® Performance Al Oriented towards constructing systems with impressive levels of performance

in a particular domain.

e Constructive Al Oriented towards learning general principles of intelligence by designing,

constructing, and experimenting with systems operating in complex domains.

® Formal Al Oriented towards formal specification of general problems and mathematical
proofs of the correctness and computational complexity of algorithms for

solving these problems.

@ Speculative AI  Oriented towards developing a theory of human cognition by introspection and
construction of Al systems. Interested in global, ecologically valid tasks which

do not allow for detailed empirical validation.

‘® Empirical Al Oriented towards developing a theory of human cognition by constructing Al
systems that closely model empirical data. Interested in well-defined problems

which allow for detailed empirical validation.

The research presented in this thesis does not strictly adhere to any one of these perspectives and

cuts across the boundaries of many of them.

Since it has involved constructing and experimenting with a large software system, the
research presented here can be seen as adhering to the constructive approach. In this vein, the thesis
attempts to provide a detailed description of the system and presenis numerous concrete examples

of its operation and empirical data on its performance.

However, this thesis also presents precise descriptions of the underlying algorithms used in
. the system and in several cases mathematically analyzes the computational time complexity of

these algorithms. Consequently, it can also be seen as exhibiting aspects of the formal approach.

YThis is not meant to imply that Hall and Kibler claim that all research in Al can be pigeonholed into one of these
categories. In fact, they explicitly acknowledge the "...tendency on the part of researchers and issues to shift quite freely
between perspectives...” (p. 173,
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Also characteristic of the formal approach is the use of predicate calculus as an underlying

. representation language.

This research alse maintains an interest in human cognition. The development of the system
- was motivated and guided by intuitions about human learning. Characteristic of the speculative
approach, the task of narrative understanding is used as the primary domain of application.
Narrative understanding is a more global [Lehnert84] or ecologically valid task than well-defined

tasks such as the eight-puzzle.

However, the psychological plausibility of the system is not supported only by intuition and
anecdotal evidence. Empirical evidence from psychological experiments is used to support the
claim that the system exhibits behavior similar to that found in human subjects. Therefore, this

research also has features of the empirical approach.

In summary, this thesis attempts to illustrate that a uniform and coherent piece of AI
research can productively employ aspects of many of the current methodolorgical perspectives in
artificial intelligence. It is the author’s sincere hope that more researchers in Al will learn to
appreciate the advantages of the different approaches instead of slavishly adhering to a particular

methedological mind-get.
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CHAPTER 1

INTRODUCTION

Over the past several years, research in machine learning has included an ever increasing
number of projects in the area of explanation-based learning (EBL) [DeJong86b, Mitchell86]. Previ-
ously, research in machine learning was predominantly concerned with what have been called
similarity-based [Lebowitz86] or empirical [Langley86] learning methods. Prototypically, a
similafity—based learning (SBL) method involves determining a concept definition by examining a
large number of examples and counter-examples of a concept and searching for a simple description
that includes all of the examples while excluding all of the counter-examples (see [Dietterich82,
Dietterich83, Mitchell82] for overviews of such methods). A critique of these methods as well as
numerous replies to this critique can be found in [Schank86b). In contrast to this approach, an
explanation-based method uses its existing knowledge of the domain to explain why a single exam-
ple is a member of a concept and then analYtically generalizes this explanation to determine a
description of the general concept. A discussion of the advantages and disadvantages of this
approach can be found in [Mitchell86] and a review of work in EBL is presented in [Ellman87].

Some interesting remarks on the relation between SBL and EBL are also presented in [Dietterich86].

This thesis presents a general domain-independent explanation-based learning mechanism that
has been tested on numerous examples from various domains. In addition, it discusses how this
learning system has been integrated with a narrative understanding mechanism to form a complete
system that learns new plan schemata from English narratives and uses these schemata to improve
its understanding ability. Some recent psychological experiments that indicate people can learn a
schema by explaining and generalizing a single instance presented in a narrative are also briefly
reviewed. Therefore., an overall claim of the entire thesis is that a general mechanism for
explanation-based learning can be used to improve the performance of a narrative understanding

system in a psychologically plausible manner.

1.1. EGGS: A General Explanation-Based Learning Mechanism

EGGS is a general EBL system that has been tested on a variety of examples from the litera-
ture on explanation-based learning. Many of these examples were originally used to demonstrate
earlier, more domain-dependent systems such as STRIPS [Fikes72]. LEX2 [Mitcheli83], CUPS
[Winston83], MA [O'Rorke84], and LEAP [Mitchell85]. The examples from these systems come



from a number of different domains including “blocks world” planning, integration problem solv-
ing. learning artifact descriptions, proving theorems in logic, and designing logic circuits. Neverthe-
less, the same learning system is used to generalize explanations for all of these examples. EGGS
also includes performance systems that produce explanations for the learning system and in turn

use the rules it generates to improve their ability to solve future problems.

EBG [Mitcheli86] is an alternative domain-independent technique for generalizing explana-
- tions that was independently developed at the same time EGGS was originally designed and imple-
mented. The eventual implementation of EBG [Kedar-Cabelli8 7a), has also been tested on several
of the domains mentioned above. All of the original systems listed above used similar generaliza-
tion techniques; however, until the development of EGGS and EBG, there was not a general learn-
ing technique that could be used to generalize examples in all of these domains. Explanation gen-
eralization is also a very computationally efficient process. As demonstrated in this thesis, explana-

tion generalization can theoretically be performed in time linear in the size of the explanation.

EBL requires knowledge of the underlying theory of a domain before it can learn more useful
knowledge for efficiently solving problems in that domain. Consequently, a general EBL mechan-
ism that can learn in a variety of domains requires what has been called an exchangeable knowledge
module [Michalski86]. In EGGS, this is accomplished by having both the generalizer and perfor-
mance systems make use of a library of declarative knowledge that is uniformly represented.
Currently, EGGS can rewrite rules, or STRIPS operators. This set of representational choices has

allowed the efficient implementation of a numerous examples from various domains.

Finally, previous EBL systems that learn plans or macro-operators have generally been used
to learn linear sequences of actions. EGGS is unique in that it contains a mechanism for learning
plans for partially-ordered sequences of actions. This process results in more general plans which

are applicable to a wider range of future situations.

1.2. GENESIS: Acquiring Schemata for Narrative Understanding

GENESIS is a narrative understanding system that improves its performance by using the

EGGS learning system to acquire an abstract schema from a specific instance of a novel plan
rd

presented in an English narrative. As such, it tests the capacity of the EGGS learning system to

improve the processing ability of a complete performance system operating in 2 complex domain.

Narrative text understanding was chosen as a performance domain for the following reasons.

The ability to “understand” natural language text is a very difficult task requiring a large amount



of world knowledge. Systems for understanding natural language text (e.g. [Cullingford78,
DeJong82b, Dyer83]) generally encode relevant world knowledge in terms of scripts or schemata
[Schank77]. The amount of world knowledge represented in terms of schemata largely determines
the performance of such a system. Experience with the FRUMP system [DeJong82b] indicated that
robustness of a text understanding system is directly related to the number of schemata it
possesses. However, anticipating and encoding all of the schemata required for a robust natural
language system is impossible for both theoretical and practical reasons. Theoretically, texts can
display novel concepts unknown to the implementors of a natural language system. If the natural
language system is to respond properly, it must discover such new concepts automatically. Practi-
cally, the number of schemata required to cover most natural language domains is prohibitively
large and prevents manual programming of all of the necessary concepts. Once again, automatic

schema acquisition is essential.

Of course, narrative understanding is not unique in this regard. Most realistic performance
tasks require large amounts of domain knowledge represented in a form that can be efficiently used
to solve problems; and constructing such a knowledge-base is known 1o be a difficult task. In fact,
most work in machine learning is at least indirectly addressing the problem of the “knowledge
acquisition bottleneck” [Feigenbaum83] in the construction of knowledge-based systems. However,
narrative understanding has the advantage that issues can be illustrated with examples that are
accessible to everyone, not just to individuals who have advanced degrees in medicine, geology, or

computer engineering.

Another interesting aspect of this domain is that explanation-based learning has generally
been used to improve the performance of a problem-solving system rather than an understanding
system. GENESIS is unique in that it demonstrates that EBL can be used to improve a system'’s

ability to explain observed behavior as well as its ability to solve problems efficiently.

1.3. Historical Comments

An original implementation of GENESIS was reported in [Mooney85b] _(shorter versions
include [Mooney85a]l and [Mooney86a]). This version employed a relatively ad hoc explanation
generalizing system that was specific to the representations used by the narrative understanding
‘system (see [Mooney85b] for details on this generalizer). However, the original GENESIS general-
izer was similar to the lifting process used to learn generalized plan MACROPS in STRIPS [Fikes72]
and was also influenced by the TMS-based generalizer used by the MA system [O'Rorke87b].



An attempt to convert the original GENESIS generalizer into a domain-independent explana-
tion generalizer lead to the development of the EGGS system. The generalization algorithm under-
lying the EGGS system was first described in [DeJong86b] and a comparison of EGGS, EBG, and
STRIPS as well as examples of applying EGGS to numerous domains was first presented in
[Mooney86¢c]. After the development of EGGS was complete, an entirely new version of the

GENESIS system was built on top of this general explanation-based learning system. This version

of GENESIS is described in detail in this thesis.!

1.4. Organization of the Thesis

The thesis begins with a sample performance of the GENESIS system that illustrates the sort
of behavior exhibited by the complete system. The next four chapters discuss various components
of the EGGS system. Chapter 3 discusses the domain-independent explanation generalizer that is
used to generalize all of the examples presented in the thesis. It also includes a discussion on the
relation between the explanation generalization algorithm used in EGGS and the generalizing algo-
rithms used in STRIPS, EBG, and SOAR [Laird86b] as well as an analysis of the computational
complexity of explanation generalization. Chaptérs 4-6 discuss additional sub-systems in EGGS for
building explanations based on various representations and present numerous examples of using
EGGS 1o learn in various domains. Chapter 7 presents a summary of empirical results on the effect

of learning on future problem solving performance.

The next six chapters discuss additional components in the complete GENESIS system.
Chapter 8 presents the architecture of the complete system and briefly discusses the role of each of
its components. Chapter 9 discusses the knowledge representation used in GENESIS and Chapter
10 describes the processes used in understanding narratives. Chapter 11 discusses how GENESIS
uses EGGS to generalize explanations constructed by the understanding system and illustrates how
the schemata it learns improve its ability to understand subsequent narratives. The final two
chapters about GENESIS discuss its ability to learn meanings for schema-related words from a sin-
gle instance of their use (Chapter 12} and to use learned schemata to index and retrieve specific

episodes {Chapter 13).

“ IFor several reasons, this new implementation is not called GENESIS II. One reason is to avoid association with Gene
Roddenberry’s failed TV pilot of the same name [Gerrold73). A second reason is to avoid the temptation to make as many
versions of GENESIS as there were sequels to Friday the 13th. The latter behavior has been known to provoke satirical com-
ments from some stone-throwing members of the machine learning community (e.g. the reference to AQ63 in [Gang!y87])..



Chapter 14 reviews some psychological experiments that indicate explanation-based learning
is psychologically plausible. Specifically, these experiments demonstrate that people, like GENESIS,
can learn a schema from a single specific example presented in a narrative provided they have the

knowledge to explain the actions in the example.

Chapter 15 summarizes the unique features of this research compared to other work in EBL -

and machine learning in general and discusses some problems and directions for future research.

Finally, there are a number of appendices that provide additional details. Appendix A
presents a lemma needed for the complexity analysis of explanation generalization. Appendix B
presents additional examples of GENESIS' performance which even the casual reader may find
interesting to peruse. Appendix C lists all of GENESIS' initial knowledge and appendix I) gives a
detailed GENESIS trace.

LS. Comments on Notation, Implementation, and Figures

Throughout the thesis, the LISP convention of using a leading question mark (e.g. 7x23) is
used to denote prediéate calculus variables [Charniak85]. In general, Staﬁdard predicate calculus
notation (e.g. P(?x,?7y)) is preferred to LISP notation (e.g. (P ?x 7y)); however, for convenience, the
latter is sometimes used, particularly in the appendices. All implementations. are written in
INTERLISP [Teitelman83] and were developed and run on a XEROX 1108 (Dandelion) with 3.5 MB
of main memory. All explanation graphs presented in the thesis (including accompanying node
labelling tables when needed) were generated automatically by the system using Interlisp-D’s
GRAPHER package [Xerox86] and automatically converted to TROFF PIC [Kernighan79] and TBL
[Lesk79] descriptions. Only minor hand-editing was performed to reposition nodes for more com-
pact lay-out and to insert special characters (e.g. [, A, =). When tables are used to fully label
nodes in large explanation graphs, the order of the nodes follows a depth-first, left-to-right traver-

sal of the graph.



CHAPTER 2

SAMPLE GENESIS PERFORMANCE

The purpose of this chapter is to provide the reader with an intuitive feel for the overall
operation of the system. Throughout this thesis, it is assumed that the reader, like an EBL system,

can learn a great deal by analyzing and understanding a single concrete example.

The primary goal of the GENESIS system is to improve its ability to understand natural
language narratives by learning new plan schemata. Such schemata are acquired by explaining and
generalizing a specific instance of a plan executed by a character in a narrative. Characters’ actions
are explained in terms of later actions that they enable and in terms of ultimate goals that they
achieve. When the system detects that a character has achieved an important goal by combining
actions in 2 novel and unfamiliar way, it generalizes the specific explanation for how the goal was
achieved into a general plan schema. Generalization is performed by an analytic technique (EGGS)
which removes irrelevant information while maintaining the validity of the explanation. The
resulting schema is then retained by the system and indexed so that it can be subsequently

retrieved and used to aid in the understanding of future narratives.

A standard procedure is used to test GENESIS’ ability to learn a particular schema from a sin-
gle instance. This procedure illustrates both the schema learning process itself as well as the ability
of the learned schema to improve system performance. First, the system is given a test narrative
which presents a sparse description of an instance of the schema. This description is missing one or
more actions that are crucial to the overall plan. Consequently, the narrative is not detailed enough
for the system to construct a causally complete explanation for characters’ actions without a
schema to supply missing actions and inferences. The system is therefore unable to answer ques-
tions that require making default inferences about what must have taken place and it is unable to
produce an adequate paraphrase of the narrative. Next, the system is given a learning narrative
which describes in detail a complete instance of the schema and which contains the crucial actions
and other information that were lacking in the test narrative. Using its existing knowledge,
GENESIS is able to construct a causally complete explanation for this narrative and can therefore
answer questions about why actors performed certain actions as well as produce an adequate para-
phrase of the text. Since the narrative presents a novel plan that achieves an important goal, the
system generalizes its explanation of how the goal was achieved into a new plan schema. Finally,

GENESIS is given the test narrative again. This time, it can use the schema it has just learned to fill



in missing information, and as a result, it can now answer questions that it was previously unable

to answer as well as produce a better paraphrase of the text.

The remainder of this chapter is dedicated to presenting the trace produced by GENESIS as it
learns a “'kidnapping for ransom’ schema [DeJong81, Delong82a, DeJong86a, Delong86b,
Mooney85a, Mooney86al. This is currently the most complicated example upon which GENESIS
has been tested. A complete step-by-step description of the system’s performance oﬁ this example
is not included in this thesis since it would necessarily be very long and complicated and the
important processes are more easily illustrated using simpler examples. However, more detailed
information about this example is given in appendix B and definitions of all of GENESIS' initial
schemata are given in appendix C. Chapters 9-11 include a complete step-by-step description of
how GENESIS learns and uses a “murder for inheritance” schema and a detailed ;system trace of
this example is given in appendix D. Details on other GENESIS examples such as “arson for

insurance’ and “‘solicitation entrapment’’ are also given in appendix B.

Before processing the narratives used in the kidnapping example, the system has knowledge
about bargaining, capturing and confining. threatening, and many other concepts; however, it does
not have any knowledge about the concept of kidnapping for ransom nor any knowledge of the
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words “kidnap,” “kidnapper,” or “ransom.” In order to illustrate the system’s current ignorance
of kidnapping and how this lack of knowledge affects its ability to understand certain kidnapping
narratives, the system is first given a test narrative. Below is the actual 1/0 trace produced by the

‘sysiem.

Input: Ted is Alice’s husband. He won 100000 dollars in the lottery. Bob imprisoned Alice in

his basement. Bob got 75000 dollars and releasad Alice.

Thematic goal achieved: Ted is happy that Ted has the $100000.

Ready for gquestions:

> Summarize

Ted won $100000 in a lottery. Bob captured Alice and locked her in a basement. Bob released

Alice.

>Why did Bob lock Alice in his basement?



Cannot find sufficient reason.

>How did Bob get the money?

Cannot find sufficient cause.

> Why did Bob release Alice

Cannot find sufficient reason.

>How did Ted get the money?
Ted won the $100000 in the lottery.

Notice that this narrative does not mention how Bob got the money or why Bob imprisoned Alice
and then released her. Since the sysiem does not havé a schema for kidnapping, it cannot infer the
missing information and causally connect the actions in the input. Consequently, its paraphrase of
the narrative is very poor and it is unable to answer many questions about it. Next, GENESIS is

given the following more detailed narrative:

Input: Fred is Mary’s father and is a millionaire. John approached Mary and pointed a gun at
her. She was wearing blue jeans. He told her if she did not get in his car then he would shoot
her. He drove her to his hotel and locked her in his room. John called Fred and told him John
was holding Mary captive. John told Fred if Fred gave him 250000 dollars at Trenos then
John would release Mary. Fred paid him the ransom and the kidnapper released Mary.

Valerie is Fred's wife and he told her that someone had kidnapped Mary.

Thematic goal achieved: John is happy that John has the $250000.
Explanation suitable for generalization. Pruning...Generalizing...Packaging...

Creating New Schema: (CaptureBargain 7x55 7a34 769 7c4 7r5 7y5 ?7111)

709 is a person. 7cd is a location. 7r5 is a room. 7c4 is in ?r5. 7x55 is a character. ?b9 is free.
7x55 captures ?b9 and locks him/her in 7r5. 7a34 is a character. ?x55 contacts ?a34 and tells it
that ?b9 is 7x55's captive. ?y5 is a valuable. ?7x55 wants to have ?y5 more than it wants 7b9
1o be 7x35’s captive. 7a34 has a positive relationship with 7b9. 7a34 has 7y5. ?x55 and 7a34

carry out a bargain in which ?x55 releases 7b9 and 7a34 gives ?x55 7y5 at ?111.



Unknown word ‘ransom’ refers to ?y5 in CaptureBargain

Unknown word "kidnapper’ refers to 7x55 in CaptureBargain

Having: 7x55 captured ?7b9. suggest CaptureBargain
Having: 7x55 contacted ?a34 and told it that ?b9 was ?x55’s captive. suggest CaptureBargain
Having: ?x55 and 7a34 carried out a bargain in which ?x55 released 7b9 and 7a34 gave 7x55 ?y5

at ?111. suggest CaptureBargain
Unknown word "7x55 kidnap 769" refers to CaptureBargain
Ready for questions:

>Summarize

Mary was free. John captured Mary and locked her in a room. John contacted Fred and told
him that Mary was John's captive. John wanted to have $250000 more than he wanted Mary
to be John's captive. Fred had a positive relationship with Mary. Fred had the $250000. John
and Fred carried out a bargain in which John released Mary and Fred gave John the $250000 at

Trenos.

>Why did John approach Mary?
So John could aim the gun at Mary.

>Why did John aim the gun at Mary?

So John could threaten to shoot Mary with the gun unless Mary went from John into the car.
>Why did Mary get into the car?
Because Mary wanted not to be shot and because Mary believed that if Mary did not go from

John into the car then John would shoot Mary with the gun.

>Why did John threaten to shoot Mary unless she got in the car?

So John could drive Mary to the hotel in the car.

> Why did John drive Mary to the hotel?
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So John could move Mary from the hotel into the room.

> Why did John move Mary into the room?

So John could confine Mary in the room.

> Why did John confine Mary in the room? _
So John could call Fred and could tell him that Mary was John's captive and so John and Fred
could carry out a bargain in which John released Mary and Fred gave John the $250000 at

Trenos.

> Why did John tell Fred that John was holding Mary captive?
So Jobn and Fred could carry out a bargain in which John released Mary and Fred gave John

the $250000 at Trenos.

>Why did Fred give John the money?
Because Fred believed that if Fred gave John the $250000 at Trenos then John would release

Mary and because Fred wanted Mary to be free more than he wanted to have the $250000.

> Why did Fred have $2500007

Because Fred had millions of dollars.

| >Why did Fred believe that John was holding Mary captive?

Because John called Fred and told him that Mary was John's captive.

> Why did Fred want Mary free?

Because Fred was Mary's father.

>Why did John release Mary?
Because John wanted to have the $250000 more than he wanted Mary to be John's captive and
‘because John believed that if John released Mary then Fred would give John the $250000 at

Trenos.
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Unlike the first narrative, this one is detailed enough to allow GENESIS to causally connect the
characters” actions. Specifically, the crucial bargain that took place between the kidnapper and the
ransom payer is alluded to more directly. As a result, the system is able to answer numerous ques-
tions about why certain characters performed certain actions. The understanding mechanism is dis-
cussed in detail in chapter 10, and the specifics of understanding this particular narrative are given
in appendix B. The resulting explanation for how John got the $250,000 is generalized into a new
schema for kidnapping for ransom (which GENESIS calls CaptureBargain based on the names of
two existing schemata that compose the new schema). Chapter 11 discusses the schema acquisition

process in detail.

A few important aspects of the learned schema should be pointed out. First, it does not con-
tain any facts or actions that are irrelevant to the workability of the plan. For example, the fact
that the victim is wearing blue jeans is not included. A similarity-based learning system that was
given a number of examples of kidnapping in which the victim was always wearing blue jeans is
liable to include this fact in its representation of the concept. Second, the exact manner in which
the component plan schemata (e.g. Capture) were decomposed into subgoals and executed in the
example is not included in the schema. For example, the fact that the kidnapper executed the Cap-
ture by threatening the victim with a gun and then driving her to a hotel or that he contacted the
ransom payer by telephone are not a part of the CaptureBargain schema. Third, the generalization
process eliminates facts that are causally relevant to the plan only because they are specializations
of more general facts. For example, the fact that the ransom payer was the victim’s father is
relevant to the plan since it motivated him to pay the ransom; however, the more important fact is
the more general one that he had a positive emotional relationship with the victim and conse-
quently valued her freedom more than personal possessions. This generalizdtion is important since
the schema should be able to handle alternative relationships between the ransom péyer and victim

such as the husband-wife relationship in the test narrative.

After learning CaptureBargain, the system indexes the new schema so that if it subsequently
encounters a narrative in which someone captures someone or exchanges someone’s freedom for a
valuable item, it will be reminded of CaptureBargain and attempt to use it to help understand the
narrative. Details of the indexing process and how learned schemata can aid the understanding of
future narratives are also given in chapter 11. The system also acquires preliminary definitions for
three unknown words which occurred in the story: kidnapper, ransom, and kidnap. GENESIS'

ability to also learn word meanings from a single example is discussed in chapter 12.
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Finally, GENESIS is given the test narrative once again. This time, Alice’s imprisonment rem-
inds it of CaptureBargain and it uses this newly acquired schema to infer the missing actions and
explain how Bob got the money. Consequently, its ability to answer questions and paraphrase the

text is greatly improved.

Input: Ted is Alice’s husband. He won 100000 dollars in the lottery. Bob imprisoned Alice in
“ his basement. Bob got 75000 dollars and released Alice.

Thematic goal achieved: Ted is happy that Ted has the $100000.
‘Thematic goal achieved: Bob is happy that Bob has the $75000.

Ready for questions:

>Summarize

Alice was free. Bob captured Alice and locked her in a basement. Bob contacted Ted and told
- him that Alice was Bob’s captive. Bob wanted to have $75000 more than he wanted Alice to be

Bob's captive. Ted had a positive relationship with Alice. Ted had the $75000. Bob and Ted

carried out a bargain in which Bob released Alice and Ted gave Bob the $75000.

> Why did Bob lock Alice in his basement?
So Bob could contact Ted and could tell him that Alice was Bob’'s captive and so Bob and Ted

could carry out a bargain in which Bob released Alice and Ted gave Bob the $75000.

>Why did Bob release Alice?
Because Bob wanted to have the $75000 more than he wanted Alice to be Bob's captive and

because Bob believed that if Bob released Alice then Ted would give Bob the $75000.

>How did Bob get the money?
Bob kidnapped Alice.

>Who gave Bob the money?
Ted gave Bob the $75000.
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>Why did Ted give him the money?
Because Ted believed that if Ted gave Bob the $75000 then Bob would release Alice and

because Ted wanted Alice to be free more than he wanted to have the $75000.

>Why did Ted want Alice free?

Because Ted was Alice's husband.

>Why did Ted believe that Bob was holding Alice captive?

Because Bob contacted Ted and told him that Alice was Bob's captive.

While answering questions about this narrative for the second time, it is interesting to note that the
system used the newly learned word “kidnap” to refer to the CaptureBargain schema in its answer
to the question: “How did Bob get the money?” This is because the state in question is an effect of

the new schema and since it knows how to refer to this schema in English, it considers it to be an

appropriate answer.
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CHAPTER 3

EGGS: A DOMAIN INDEPENDENT EXPLANATION GENERALIZER

EGGS is a general domain independent explanation-based learning system. In addition to
being the underlying learning mechanism in the GENESIS system, it has been tested in numerous
other domains using various underlying representations such as Horn-clause logic, rewrite rules,
and STRIPS operators. An abstract outline of the learning process in EGGS is given in Figure 3.1

and an architectural diagram of the system is given in Figure 3.2.

The tasks of constructing an explanation (step 1) and packaging the generalized explanation
for future use (step 4) both depend on the underlying representational formalism. Each representa-
tional formalism requires different modules for these tasks. For example, when using Horn clauses,
a theorem prover is appropriate for constructing explanations, while when using STRIPS operators,
a planner is appropriate. Each of the following three chapters is dedicated to a different representa-
tional formalism and discusses modules within EGGS for building and packaging explanations
using that representation. Examples of using each representation in various domain are also given

in these chapters.

Unlike explanation construction and packaging, explanation generalization (step 3), can be
characterized in a very general way and is discussed in detail in this chapter. The general task of
pruning the structure of the explanation to increase generality while maintaining operationality
(step 2) is also characterized in this chapter; however, specific rules for pruning are domain depen-

dent and are discussed in following chapters.

3.1. .Explanations, Explanation Structures, and Generalized Explanations

In different domains, various types of explanations a.r‘e appropriate. In [Mitchell86], an expla-
nation is defined as a logical proof that demonstrates how an example meets a set of sufficient con-
ditions defining a particular concept. This type of explanation is appropriate for learning classical
concept definitions, such as learning a structural specification of a cup, an example introduced in
[Winston83] and discussed in [Mitchell86]. However, when learning general plans in a problem
solving domain (as in STRIPS [Fikes72] or GENESIS [Mooney85al). it is more appropriate to con-
sider an explanation to be a set of causally connected actions that demonstrate how a goal state is

achieved.
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1. Explain: Construct a complete plan or proof for a specific example by either doing indepen-
dent problem solving to achieve a specified goal or by explaining the actions or

operators executed by an external agent.

2. Prune: Remove branches of the explanation that are more specific than needed for the

operationality of the resulting plan or proof.

3. Generalizet Generalize the remaining explanation as far as possible without invalidating its

underlying structure.

4. Package: Create a macro-operator or macro-rule that summarizes the resulting generalized
explanation and index it so that it can be used to aid future problem solving and

understanding.

Figure 3.1: The Learning Process in EGGS

Explanation Dofnain
Builder <—' Packager

. Pruner | . :
Explanation (optional) Generalizer

Figure 3.2: EGGS Architecture

Consequently, this work takes a very broad definition 