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I was born in Syracuse, New York on September 2, 1966. Growing up in a very musical
family (my parents Tom and Bev Calistri were both music majors, and my grandfather
had his own big band for 40 years), there was never any doubt that my first love
would be music. I started playing the cello in fourth grade, and continued without
interruption until last fall, when it had to be put on hold during the final thesis crunch.
I started getting interested in musical composition in junior high school, at the same
time that I encountered my second love: foreign languages. I began with Russian, and
switched to German after moving to a new school without a Russian teacher.

I discovered my third love when I was bitten by the computer bug in high school.
I convinced my parents that a computer was absolutely essential to our survival, and
we ended up with a Franklin Ace 1000, one of the first legitimate Apple clones. That
was the beginning of several years of happy hacking.

I entered SUNY-Albany in 1983, with all intentions of double-majoring in computer
science and music. But as flexible as the programs were, I discovered that the only
way to accomplish this would be to give up my languages, which I was not willing to
do. So I settled for a double major in computer science and applied math instead,
and concentrated my musical studies in a composition minor. That allowed me to
continue with German and Russian, and to spend a remarkable summer studying at the
University of Braunschweig. I finished my BS (summa cum laude) in 1986, and decided
to stay one more year for a master’s degree. It was then that I became fascinated with
artificial intelligence. I was introduced to Paul Jacobs at General Electric R&D, and
convinced him to be an outside advisor for my master’s project, which was a natural
~ language interface for operating systems.

I decided to come to Brown University for my PhD, and started working with

Eugene Charniak in the fail of 1987. Fairly quickly, we zeroed in on a fascinating
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project which combined natural language, plan recognition, and that peculiar tendency
for people to make mistakes. The project rapidly grew into my thesis topic, which
culminated in this dissertation. Thanks to Paul, I was able to return to GE as a summer
intern in 1988 and 1989, so my research benefited from both the intense scholarly
environment of academia and the real-world pragmatism of industry.

I am now anxiously looking forward to rejoining my fourth and greatest love (who
has been around as long as the second), my fiancée Millie Yeh. Since her instrumental
and linguistic interests are just as keen as mine, we are anticipating many long years
of music-making and traveling to far-off lands. Once I lock down a research position
at an as yet undisclosed location in upstate New York, all that remains is to dust off

my poor neglected cello, buy some more manuscript paper, and update my passport.
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Abstract

In order to maintain a truly cooperative dialogue, an intelligent natural language inter-
face must be able to recognize misconceptions in the user’s plans. This involves solving
two problems: determining what sorts of mistakes people make when they reason about
plans, and figuring out how to recognize these mistakes when they occur.

There are sixteen distinct ways that a plan can be improperly constructed. Each
of these corresponds to one type of plan-based misconception. But it is not necessary
to consider all sixteen classes; the classification can be simplified to ten categories of
detectable, distinguishable plan-based misconceptions. This classification can be used
to develop a robust plan recognition algorithm, which is capable of recognizing both
correct plans and plans that contain misconceptions. Probabilistic methods can be
used to handle the three main difficulties of robust plan recognition: dealing with the
“hard” classes of misconceptions, controlling the combinatorial explosion that results
from the ambiguity inherent in faulty plans, and selecting the most likely plan among
multiple competing explanations.

The theory that is developed here is implemented in a program called Pathfinder,
which is a probability-based plan recognition system based on the A* best-first search
algorithm that has been extended to recognize novel plan failures in an intelligent

interface environment.
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Chapter 1

Introduction

Abstract: This thesis extends traditional methods of plan recognition to
handle situations in which agents have flawed plans. This involves solving
two problems: determining what sorts of mistakes people make when they
reason about plans, and figuring out how to recognize these mistakes when

they occur.

Pathfinder is a probability-based plan recognition system based on the A*
best-first search algorithm that has been eztended to recognize novel plan
failures in an intelligent interface environment. It uses a new classification

of plan-based misconceptions which categorizes all ways that a plan can fail.

1.1 Why Worry About Misconceptions?

The field of plan recognition has been firmly established in artificial intelligence for
almost 20 years, and researchers have been making progress on the problem of identify-
ing the plan that an agent is following based on various types of external observations.
Interestingly, the overwhelming majority of these researchers have made one of two
assumptions about the agent and his! plans: either that the agent always has correct
plans, or that the agent may make one of a small number of known mistakes in his

plan.

1n keeping with a growing trend in the plan recognition community, this paper refers to the person
carrying out the plan (user, actor, agent, questioner, speaker) as “he”, and refers to the person recog-
nizing the plan (human expert, observer, answerer, listener) as “she”, regardless of the actual gender
of the participants.
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This seems like a reasonable approach to take, for several reasons. Admittedly,
people occasionally do make mistakes. But most people have correct plans most of the
time, so a large majority of the plans that we will actually see are going to be valid in
the first place. And when people do make mistakes, they often make common mistakes
that could be predicted ahead of time. Thus, given the types of simplifying assumptions
that Al systems typically make about the world, the assumption that people have valid
plans seems quite benign.

So why isn’t this approach good enough? Why do we need to worry about plan-
based misconceptions at all? It turns out that mistakes are much more frequent and
varied than originally thought. People are notoriously adept at making mistakes; some-
times they don’t know what they want, sometimes they know what they want but don’t
know how to do it, and sometimes they think they know how to do it but it turns out
that their plans are flawed because of certain misconceptions that they have. This last
case is particularly serious because the agent is not even aware that he is making a
mistake.

Most plan recognition systems assume that the agent will have perfect plans, and
sometimes this is acceptable. But intelligent interfaces are specifically designed to
interact with people, who may make mistakes. And in fact, it is the least experienced
people, the people who make the most mistakes, who need intelligent interfaces the
most. The more mistakes a person is likely to make, the more important it is to
be able to recognize and correct these mistakes. This is in direct conflict with the

assumption that we don’t need to worry about mistakes.

1.2 An Example

To illustrate this type of situation, consider a hypothetical expert system in the domain
of income taxes. It knows everything there is to know about filling out tax forms. Some
of this information is displayed in Figure 1.1, which shows a portion of the hierarchy
of plans used in filling out taxes.

The system has an intelligent natural language interface, where users can enter
their questions in English and get back English responses. This system would be a
cross between the TeleTax system, which is an automated tax assistance program but
only has pre-recorded messages accessible through a menu, and the tax hotline, which

can answer novel questions in English but requires human experts to be available during
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Figure 1.1: The plan hierarchy for the income tax domain.
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its working hours.
Now assume that there is a graduate student (GS) from Brown University that is

using this expert system (ES) to find out how to report the income from his fellowship,
as in Examples 1 and 2:

[GS] I'm trying to fill out my 1040 income tax form. Where should
| list the exemption for my graduate fellowship?

[ES] Fellowships are not exempt any more. You should list your
fellowship on line 21, but exempt income should not be listed
at all.

Example 1: The graduate student and his fellowship, part 1.

[GS] All right, where do | get the W2 form for my fellowship?

[ES] First of all, you want a 1099-MISC form, not a W2 form. And
secondly, Brown University doesn’t give out any 1099 forms
this year.

Example 2: The graduate student and his fellowship, part 2.

At first glance, there does not seem to be anything mysterious happening in this
example. Granted, the student is having some difficulty figuring out what to do with
his fellowship, but the expert system realizes what is wrong and corrects him. In fact,
this is exactly the behavior that we would expect from a human expert.

But let us look at this example more carefully. In the first exchange, the student
is trying to fill out his 1040 form by listing exempt income on some unknown line, and
is using his fellowship for that exempt income. The expert system cannot simply try
to retrieve an appropriate plan for this, because there is no plan for entering exempt
income information, and even if there were such a plan it would not accept a graduate
fellowship as exempt income. In order to recognize the student’s plan, the expert
system must realize that fellowships could be mistaken for exempt income (because
they actually were exempt until the 1986 tax reform), and that a student might try to
report exempt income (perhaps because all other types of income are reported).

The second part of the example is even more complex. There are actually several
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flawed plans that the student could have. He might simply be confused between 1099
forms and W2 forms (both are tax forms that one receives for income, and W2 forms
are much more common), and he might not realize that the university doesn’t give
them out (in fact, Brown only stopped giving them out in 1988). Or he may know
that most fellowships get 1099 forms, but he thinks that Brown gives out W2 forms
instead. Or he may think that fellowships are a type of earned income (like teaching
assistantships and research assistantships, two other common types of student income),
which actually do get W2 forms. None of these plans would be stored in the expert
system’s library of correct plans, and it is very unlikely that the system would have
been programmed with knowledge about all of these specific mistakes. So they would
have to be dynamically constructed during the plan recognition process.

It is important to realize that plan recognition is critical for this example. We
cannot just blindly answer the question that was asked, because the answer would
either be vacuous or misleading. For example, a direct answer to the first question
does not exist at all. And the only possible direct answer to the second question would
have to ignore the phrase “for my fellowship”, and would mistakenly send the graduate
student off to some office for a form that he isn’t even supposed to have.

We also need to note that the student’s plan in this dialogue is ambiguous; we are not
exactly sure what his actual plan is in the second query. Ambiguity already shows up
quite often in the traditional plan recognition problem, irrespective of misconceptions.
But flawed plans are inherently ambiguous, and the number of alternative explanations
is much larger than with correct plans. Without careful precautions we will become
swamped with competing explanations for the agent’s actions.

Finally, this example illustrates that misconceptions do not always occur individu-
ally; quite often a single plan can have several misconceptions (which may be related to
each other or may be completely distinct) that can conceal what the agent is attempting
to do even further.

We are now almost diametrically opposite the original plan recognition assumption;
rather than being able to ignore mistakes, we are now completely overwhelmed by
them. People are capable of an infinite variety of mistakes, and their plans can be filled
with misconceptions at all locations. Any hope of detecting these misconceptions in a
systematic way, let alone of deducing the plan that the user actually has in mind, can

seem remote.
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1.3 Overview of the Approach

Luckily, things are not as hopeless as they appear. While it is true that we cannot
possibly know all misconceptions that an agent might have in his plan, it is possible to
identify all types of plan-based misconceptions. Rather than treating misconceptions
simply as isolated beliefs, they can be classified according to how they affect the agent’s
plan.

The approach that we propose for reasoning about plan-based misconceptions con-

sists of three major parts:

1. Developing a classification of plan-based misconceptions,

2. Developing and implementing an algorithm for plan recognition that can handle

these plan-based misconceptions in a reasonable way, and

3. Specifying a probabilistic interpretation of robust plan recognition that can be
used to guide a best-first search through the plan space and to select the most

likely plan from among several competing explanations.

The Classification

By analyzing the structure of a plan, we will see that there are sixteen distinct ways
that a plan can be improperly constructed. Plans consist of four components: bindings,
preconditions, steps, and temporal orderings. Each of these components can fail in
four ways: a component can be violated (the component is present, but has not
been satisfied properly), substituted (the correct component has been replaced by
an incorrect version), missing (the component should be in the plan but isn’t), or
extra (the component should not be part of the plan at all). Fach of these sixteen
combinations corresponds to one type of plan-based misconception.

But even though these misconceptions may occur anywhere in the plan hierarchy, it
is not necessary to search the entire hierarchy, and it is not even necessary to consider
all sixteen classes. Because of the restricted amount of information that is available
from a dialogue, we only need to search for misconceptions in the part of the hierarchy
that is directly related to the user’s query. And because an outside observer does not
have access to the actual beliefs inside the user’s head, there are certain categories of
misconceptions that are undetectable. Other categories can be combined because there

is no way for the observer to distinguish between them. This results in a simplified
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classification of ten types of plan-based misconceptions that are both detectable and
distinguishable to an outside observer.

This classification can be used to develop a robust plan recognition algorithm, which
is capable of recognizing both correct plans and plans that contain misconceptions.
Although misconceptions could be treated as rather ephemeral beliefs abstracted from
plans, this would not solve the problem of recognizing the plans that contain these
misconceptions. Instead, by associating misconceptions directly with plan components,
we impose a structure on the mistakes that allows us to handle misconceptions and plan

recognition simultaneously.

The Program

The traditional plan recognition problem can be posed as a search problem, where the
object is to find a path in the plan hierarchy that explains the user’s query and is
consistent with what we know about the world. This can be handled by a best-first
search algorithm such as A*. However, some modifications are needed to handle the
various classes of plan-based misconceptions. Misconceptions can be divided into two
large groups, based on how they affect the A* algorithm. Constraint misconceptions
are quite easy to handle because they do not affect the structure of the user’s plan. His
plan can still be found in the plan hierarchy, but there may be certain violations that
need to be explained. Structural misconceptions, on the other hand, are much harder
because the user has incorrect beliefs about how the steps of a plan are put together.
In these cases, the user’s actual plan will not be found in the correct plan hierarchy at
all, and we need to modify the structure of the hierarchy itself to identify the plan.
Two relatively simple extensions to the A* algorithm allow us to handle situations
where the user has flawed plans. The extension for constraint misconceptions does not
affect the asymptotic complexity of the algorithm at all, so plans with these misconcep-
tions can be recognized just as efficiently as correct plans. But the extension to handle
structural misconceptions results in a very severe combinatorial explosion. These mis-
conceptions are fundamentally more difficult to handle, and even with substantially
greater effort we cannot guarantee that we have properly understood the user’s query.
But there are heuristics that can identify the structural misconceptions that actually

occur in practice, and that can be used to control some of the explosion.
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The Probabilities

Probapbilistic methods can be used to handle the three main difficulties of robust plan
recognition: dealing with the “hard” classes of misconceptions, controlling the combina-
torial explosion that results from the ambiguity inherent in faulty plans, and selecting
the most likely plan among multiple competing explanations. Probabilities provide
a sound theoretical basis for judging whether a particular plan or misconception is
“likely”. We can show that with certain reasonable assumptions, the probability of a
particular plan can be calculated incrementally from the probabilities of the steps and
misconceptions that make up the plan.

The probability of the user choosing a particular step in a plan is fairly easy to
get. But the probability of the user having a particular misconception seems much
more difficult, especially if we have no way of anticipating the misconceptions ahead of
time. Luckily, there is a way around this. It is possible to break the probability of a
misconception down into a number of independent “features”, which can be calculated
at runtime when the misconception is identified. Each class of misconceptions has
associated with it a set of functions for calculating the relevant features. So once a
misconception is identified and classified, we know how to calculate its features and
combine them to get the probability of the misconception.

We can use the probabilities to form a heuristic function suitable for use with a
best-first search. Given a potential explanation for the user’s query, we can combine the
probabilities of each step and misconception in the explanation to form the probability
that this is the user’s actual plan. This can be calculated incrementally by factoring
in the steps and misconceptions as they are proposed by the algorithm. So as the
best-first algorithm constructs an explanation, we can use the probability of the partial
explanation constructed so far as a heuristic estimate of the likelihood of the entire
explanation. This heuristic is appropriate for guiding the best-first search, as well as

for ranking the final competing explanations for the user’s query.

1.4 The Transcripts

One important, but often neglected, aspect of Al research is demonstrating how well the
research holds up in the real world. Developing a theory of plan-based misconceptions is

not terribly interesting if it does not account for the actual mistakes that people make.
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And a new algorithm for robust plan recognition is useful only if we can demonstrate
that people really do make the sort of mistakes that it is designed to handle.

In order to test both the soundness of the theory and the practicality of the program,
I have compiled a large corpus of naturally occurring dialogues, comprising well over
250 pages of text. This corpus includes over 100 exchanges that contain potential
examples of plan-based misconceptions [17]. These are examples of actual dialogues
that real people have had that contain real plan-based misconceptions. As far as we
know, this is the largest set of misconceptions that has been collected to date (an order
of magnitude larger than any other known collections).

Two of the goals in creating this corpus were to ensure that the examples came from
a wide variety of sources, and to ensure that the examples covered a broad range of top-
ics while still being clustered enough to facilitate an in-depth analysis of a manageable
subset.

At the most abstract level, about 90% of the examples come from two general
subjects: financial matters and computer systems. These cover approximately 20-30
specific topics. Several of these topics, such as calculating taxes on an IRA, investing
in money market certificates, and using the Emacs editor, are well clustered and have
many related examples.

The sources of the dialogues are also quite varied. There are five major sources for

the examples in this corpus:

e Complete transcripts of the USENET newsgroup “misc.taxes” from the period
7/1/88 to 4/30/89. This is a “bulletin board” style medium, where people post
messages over a computer network to ask questions or to respond to other mes-
sages. This particular newsgroup deals with income taxes; it focuses on federal
taxes, but also has some questions about state and local taxes. The “experts” who
answer the questions in this setting are self-proclaimed, and there are frequently
cases where several experts disagree with a certain diagnosis. 28 examples were

extracted from this source.

e Transcripts of the radio talk show “Harry Gross: Speaking about Your Money”,
broadcast on February 1-5, 1982 by radio station WCAU in Philadelphia®. This
was a radio show where people would call in with questions about how to invest

their money, and an expert would advise them. One interesting consequence

2Thanks to Martha Pollack and Robert Kass for providing these transcripts.
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of this type of medium is that it is in the expert’s best interest to process the
maximum number of calls in the shortest possible time. So the expert was often
trying to diagnose the user’s problem even before the user had completed his first
sentence. There are several examples where this led to confusion because the

expert jumped to a conclusion too soon. 35 examples were extracted from these

transcripts.

o Transcripts of a set of on-line dialogues between computer consultants and users
of the Emacs editor, collected for a class in spring 1982 at the University of
Pennsylvania®. These conversations took place using a comput.erized “talk” pro-
gram, where the user and the consultant would send messages back and forth to
each other. There is one particular set of conversations where several different
people have problems with the same concept (marking a region in Emacs), but
express their difficulties in significantly different ways. 12 examples were taken

from these transcripts.

e Misconception examples that have been used by other researchers. These exam-
ples have appeared previously in the literature in various forms; some of them
are conversations that actually occurred, some are loosely based around actual
situations, and some are completely contrived. There are 25 examples, extracted

from the following papers: [47, 67, 69, 83, 85, 110].

» Miscellaneous examples from the income tax domain that were collected dur-
ing personal conversations with various people. There are 11 examples in this

category.

Considering the size and diversity of the original text, it should be safe to assume
that this represents a good statistical cross-section of the types and frequencies of plan-
based misconceptions in real life. These transcripts have supplied all of the examples
that are used in this thesis. They have also served to validate both the developing
theory and the Pathfinder program. A further analysis of the examples will be given
in Chapters 4 and 5, showing how well the theory predicts the examples and how well

the program can handle them.

3Thanks to Ethel Schuster for providing these transcripts.
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1.5 Overview of the Thesis

Chapter 2 reviews the previous work that has been done in plan recognition and miscon-
ceptions, and sketches the relationship of plan-based misconceptions to several other
research areas such as intelligent interfaces, intelligent tutoring systems, automatic
program debugging, story understanding, and natural language response generation.

Chapter 3 provides formal definitions of plans and plan-based misconceptions. It
also provides a formal statement of the particular problem that this thesis addresses,
shows how a robust plan recognition module fits into a full intelligent interface system,
and makes explicit the assumptions about the input and output of the system.

Chapter 4 proposes a complete classification of plan-based misconceptions, shows
how the classification can be simplified, and illustrates it with examples of actual
dialogues that involve flawed plans.

Chapter 5 describes how a traditional approach to plan recognition based on the
A¥* heuristic search algorithm can be modified to deal with various types of plan-
based misconceptions. It also presents the Pathfinder program, and gives a complexity
analysis of the algorithm.

Chapter 6 gives a detailed description of the use of probabilities as search heuristics,
and of the particular probabilities used in Pathfinder.

Chapter 7 summarizes the contributions of this thesis and points out several re-

maining areas of future research.



Chapter 2

Previous Work

Abstract: Although a substantial amount of research has been done in the
two separate areas of plan recognition and misconceptions, surprisingly little
has been done in the overlapping area of plan-based misconceptions. After
reviewing the relevant work from these two areas and showing the relation-
ship of plan-based misconceptions to several connected research areas, this

chapter describes the main systems that have been developed for detecting

plan-based misconceptions.

The study of plan-based misconceptions can basically be viewed as the intersection
of the fields of plan recognition and misconceptions. While each of these fields has
had a long history of productive research, there is surprisingly little overlap. However,
research in plan-based misconceptions is strongly connected to a number of research
areas which have traditionally been considered separate topics, including story under-
standing, intelligent tutoring systems, response generation, program verification, and
intelligent assistants. Some of these areas can lend insight into how plan-based mis-
conceptions can be studied, and others are areas which could benefit from knowledge

of these misconceptions, but are currently lacking the ability to identify them. This is

illustrated in Figure 2.11.

}This figure is only meant to show how the various topics are interrelated. The size of each region
and the amount of overlap is not significant.
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2.1 Plan Recognition

The origin of research in plan recognition is often traced back to Schmidt’s 1978 paper
[94], since this is the first paper to actually use the phrase “plan recognition”. Here,

he proposes a formal definition of the plan recognition problem:

“The problem of plan recognition is to take as input a sequence of actions
performed by an actor and to infer the goal pursued by the actor and also

to organize the action sequence in terms of a plan structure” (p. 52).

But Schmidt actually formulated the basic problem of plan recognition at least five
years earlier. His 1973 paper [95] sets the goal of creating “a computer-implemented
model which will accept descriptions of actions and provide as output the reasons
why the persons acted in the manner described.” Already at this point, most of the
fundamental problems of plan recognition have been recognized: context dependency,
ambiguity, combinatorial explosion, and even the possibility of faulty plans.

But for the next 17 years, the problem of faulty plans has been almost completely
ignored; most researchers in plan recognition either never address the problem at all

[28, 30, 53, 54, 61, 94], or only mention it in passing [3, 20, 37, 60, 95].

2.1.1 Intelligent Tutoring Systems

One area that must explicitly reason about an agent’s faulty plans is intelligent tutoring
systems. Here, the primary goal is to identify and correct a student’s misconceptions
in such a way that he can learn from his mistakes. It is here that we would expect to
see the most work on plan-based misconceptions.

Indeed, there is almost universal acceptance that plan recognition is critical to the
process of intelligent tutoring, and that a student’s misconceptions play an important
role in this recognition. The dominating method for handling the misconceptions has
been the bug list [6, 7, 15, 16, 36, 38, 39, 102, 106]. In this method, the standard
set of correct plans for the domain is augmented by another set of incorrect plans (the
bug list) that the student may be following. This is a very useful method for catching
the most common mistakes; it effectively “pre-compiles” certain patterns of errors
that we would expect to see quite frequently, and it is often much more efficient than
other methods of detecting misconceptions. The bugs are used to form a model of the

student’s knowledge; this can be structured as a “differential model”, specifying how



CHAPTER 2. PREVIOUS WORK 15

the student’s knowledge differs from the correct domain knowledge, or as an “overlay
model”, which encodes the student’s knowledge as a proper subset of the system’s
knowledge of correct and incorrect plans [104].

However, while they are useful for augmenting other detection methods, bug lists are
quite unsatisfactory by themselves. They require that the designers of the system must
be able to predict all mistakes that the student could make. This becomes completely
intractable immediately; people are capable of a potentially infinite variety of mistakes,
and there is no way to predict all of them ahead of time.

Brown and Burton analyzed the very simple task of basic subtraction, and found 60
primitive bugs that could be combined to form 330 different mistakes [15]. Even with
these 330 “buggy” plans, they are only able to account for 39% of the actual mistakes
that students made. Burton [16] later extended this classification to 110 primitive bugs,
and found that almost 40% of the diagnoses involved more than one bug; some had
up to 4 bugs in a single subtraction problem. Of course, it is notoriously difficult to
impose a more sophisticated plan structure on tasks as basic as arithmetic, since the
student’s plan can frequently deviate wildly from the designer’s correct plan. For these
types of problems, empirical bug lists are often the best method available.

Besides the difficulty of identifying the bugs in the first place, another critical prob-
lem with using bug lists as a general solution is that they are extremely domain-specific.
The bugs correspond to specific mistakes that individual users make on particular prob-
lems, and a completely new bug list must be built for different domains. For example,
Brown’s subtraction system can’t even generalize to addition [5].

If bug lists perform so poorly in a domain as simple as subtraction, how can we
hope to encode all possible mistakes for a more complicated domain such as income
taxes? Ome possibility is to group bugs together into more general categories and try to
synthesize the bugs as they are needed, rather than storing all of them ahead of time.
For example, Matz [65] proposes that students form bugs by incorrectly extrapolating
from a known correct rule. He mentions various types of extrapolation that account
for 30 common types of errors, but these are still very domain-specific.

Sleeman [103] suggests two alternatives: in one, the system reasons both forward
and backward until it cannot go any further, then “invents” a new rule to fill in the
gap in the user’s plan. In the other, the bug list is replaced by a set of perturbations

that can be applied to the correct domain rules.
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2.1.2 Program Debugging

Automated program debugging is a field closely related to intelligent tutoring, where
the goal is to automate the process of debugging computer programs. While many of the
implemented program debugging systems still rely primarily on bug lists (for example,
[86]), researchers are beginning to realize that such an approach is unreasonable for
large systems, since it amounts to “compiling” all the tutorial knowledge possessed by
the system [62].

An alternative approach is to base debugging on the semantics of the program.
For example, Murray [72] parses the student’s algorithm into a semantic form, and
does a heuristic search on each of the functions in the algorithm; if no correct function
is found, he selects the “closest match” based on semantic similarity. The student’s
misconceptions correspond to the differing semantic features of the incorrect functions.

Reiser et al [87, 88] do essentially the same thing, but they emphasize providing
immediate feedback: their system is interactive, and as soon as an incorrect step is
detected, they report the closest semantic match. This immediate correction helps
them simplify the problem of compounding errors.

Johnson [46] emphasizes intention-based diagnosis, where he tries to infer the
reason why the student included each line of the program. He allows the use of bug
lists, but when no known program plans match the student’s input, he finds the closest
match and uses plan-difference rules which try to explain the differences. The rules that
are actually used in his PROUST system tend to be very specific (for example, there
is a rule that is used only when unexpected lines are found inside an “if” statement),
and while they are able to abstract away from individual bugs, they are still tied to
specific programming constructs and would not easily generalize to other domains.
However, the final classification of bugs that Johnson provides is a bit more domain-
independent; it breaks plans up into seven different components, and accounts for four
types of failures for each component.

Spohrer, Soloway and Pope [105] argue that this classification is in fact too indepen-
dent; they suggest that emphasis should not be on just the failed plan components, but
also on the context in which the components appear. I will argue that we need precisely

this sort of contextual information, but that it does not belong in the classification.
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2.1.3 Discourse Analysis and Story Understanding

The people that have arguably made the most use of plan recognition have come from
the natural language community. It has long been recognized that understanding a
story requires reasoning about the plan that the actor is following [1, 24, 40, 43, 114].
In addition, if the actor’s plan contains misconceptions, it is quite likely that the reader
will be unable to understand certain aspects of the story unless she can recognize the
flaws in his plan. However, story understanders invariably assume that all of the actors
will have rational, correct plans. Things may happen in the story that cause these
plans to fail, but the plans themselves are initially sound.

Participating in a dialogue also requires following the speaker’s goals and plans, both
to understand what he is saying [20, 28, 60, 99] and to respond appropriately [3, 48, 74].
This work is more directly related to misconceptions. In particular, Joshi, Webber,
and Weischedel [48] treat the problem of how to phrase a response in such a way as to
correct any known misconceptions and to avoid introducing any new ones. However,
all of these systems assume that the misconceptions have already been identified by

some other module.

2.1.4 Intelligent Interfaces

One particular application of plan recognition that has been receiving more attention
recently is the work on intelligent interfaces. These systems are designed to make the
user’s job easier by assisting him with certain tasks, anticipating problems that might
arise, allowing more natural communication, and providing a true “do-what-I-mean”
environment.

Intelligent interfaces often take the form of natural language interfaces [27, 115, 116]
or graphical interfaces [42]. They often have the features of both “assistants”, which
help the user with his routine tasks, and “advisors”, which help the user when he runs
into problems. These advising systems differ from tutoring systems; with a tutoring
system, the tutor is in control and can present lessons or examples of its own choosing.
An advising system, on the other hand, must be prepared to handle novel problems
that the user presents [70].

Again, many of the intelligent interface systems rely heavily on bug lists to handle
user errors. Carroll [22] undertook an interesting experiment which demonstrated the

ineffectiveness of this method. He simulated an intelligent help system for a database
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program, where hidden people typed in the messages that the “system” was supposed
to be generating. He started out with a pre-compiled list of bugs and responses, but
rapidly discovered that the majority of messages had to be generated on the fly. His
conclusion was that “people are incredibly creative at generating errors and miscon-
ceptions, and incredibly fast.” Interviews with the subjects later revealed that in many
cases they expected the system to “accurately discern their intentions, regardless of
how indeterminately these were reflected in their actions.” These two results argue

extremely forcefully for robust plan recognition that can handle novel plan-based mis-

conceptions.

2.2 Misconceptions

The formal study of misconceptions, or of errors in general, has a history even longer
than that of plan recognition. It is also much more interdisciplinary; Singleton [100], for
example, relates errors and error classification to a wide range of disciplines including

ergonomics, psychoanalysis, cybernetics, decision theory, and social theories.

2.2.1 Classifying Misconceptions

Some of the early studies of errors focused on unintentional or careless mistakes rather
than true misconceptions, and the researchers were primarily looking for ways to im-
prove the reliability of data entry personnel and computer operators. Bailey [12] argues
that there is nothing inherently error-prone in people, and that it is possible to identify
and control the factors that cause people to make mistakes in the hopes of eliminating
(or at least reducing) these mistakes. His classification of error sources includes factors
such as training, environment, and documentation.

Nawrocki [73] proposed a method for classifying data entry errors that has become
quite popular in Al: collect data from the domain in question, manually locate all of
the errors, and create a group of mutually exclusive categories to classify the errors.
The problem with this approach is that it is unprincipled and leads to ad hoc, domain-
dependent categories that are not easily extensible and are not guaranteed to account
for future errors.

Van Eekhout [111] proposed a more independent classification for the types of
errors that troubleshooters make when diagnosing equipment failures. These are actual

misconceptions rather than just careless mistakes, and the diagnosis procedures closely
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resemble plan structures. His classification focuses on plan components, but at a very
high level; the categories related to plans are “choice of goal”, “choice of procedure”,
and “execution of procedure”, and each of these can be either incomplete, inappropriate,
or completely missing.

Rouse and Rouse [91] claimed that such an independent method is insufficient, and
that a useful classification needs to have an additional level of specific categories that
are more task specific. Their most significant change is to augment the “execution
of procedure” category with several additional categories, resulting in a classification
that is quite similar to the classification of plan-based misconceptions presented in
Chapter 4.

2.2.2 Responding to Misconceptions

Kaplan [50] and Mays [66] dealt with how to respond to a question that contains a failed
presupposition (where there is no direct answer to the question) or presumption
(where there is exactly one direct answer to the question). Such situations usually
signify the presence of a misconception, because in cooperative conversation people are
expected to ask questions only when there is a choice of answers. They show that these
simple types of misconceptions can be detected by checking the referents of objects
that are mentioned in the query to see whether any of them are vacuous.

Webber [113] extended the work on presuppositions by breaking them into two
cases: misconceptions about what is the case, and misconceptions about what can be
the case. Her point is that certain beliefs could be considered “deviant” because it is
impossible for them to ever be true, and that other beliefs, while currently incorrect,
may be true in another state of the world.

McCoy [68, 69] has been working on the problem of correcting object-related mis-
conceptions. These are incorrect beliefs that an agent has about objects in the world.
She distinguishes between two types of object-related misconceptions: misattribu-
tions, where an object is given an attribute/value pair that it does not possess, and
misclassifications, where an object is placed in the object taxonomy incorrectly. Cor-
recting these misconceptions involves three steps: denying the incorrect belief, stating
the correct information, and justifying the denial and correction. She presents a small

number of correction strategies based on the classification of a misconception.
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However, with the exception of Kaplan and Mays, none of the classification or re-
sponse systems provide any way of detecting misconceptions. And most of the miscon-
ception work has concentrated on non-plan-based misconceptions. The classification
systems provide organizational categories for the misconceptions, and the discourse
systems are able to handle the misconceptions once they are identified. But what has

been conspicuously missing is a method for detecting the misconceptions in the first

place.

2.3 Plan-Based Misconceptions

There are only a few systems that provide a full treatment of plan-based misconceptions;
such a system must deal explicitly with misconceptions that affect an agent’s plans,
must provide a classification for organizing these misconceptions, and must suggest

ways to detect them when they occur.

2.3.1 Pollack’s SPIRIT System

The first researcher to take a serious look at the problem of plan-based misconceptions
from both a classification and detection perspective was Pollack [83]. Her claim is
that intelligent agents not only need to recognize the fact that another agent’s plan is
invalid, but also need to identify the incorrect beliefs that cause it to be invalid.

She treats plans as mental phenomena, and views “having a plan” as having a
certain configuration of beliefs and intentions. An observer judges a speaker’s plan to
be invalid when there are discrepancies between the beliefs that the observer ascribes
to the speaker as a result of having this plan, and the beliefs that the observer has
herself.

The specific cases of plan-based misconceptions that Pollack addresses are instances
where the speaker has a simple plan and is asking about a particular step in that plan.
Simple plans are plans that are composed entirely of generating steps. Intuitively,
when one step generates another, the second step happens immediately without further
intervention from the agent. This requires, among other things, that all steps in a plan
must be simultaneous.

The SPIRIT system works by taking the speaker’s goal and queried step, and trying
to construct an explanatory plan (EPLAN) to connect the two using a set of plan

inference rules. This involves ascribing certain beliefs to the speaker, such as a belief
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that one step generates another, or a belief that it is possible to execute a certain step
in the current state of the world. Any incorrect beliefs that are encountered during the
construction of an EPLAN are plan-based misconceptions.

Pollack distinguishes between three types of plan-based misconceptions: unexe-
cutable acts, which involve incorrect beliefs about executability, ill-formed plans,
which involve incorrect beliefs about generation, and incoherent queries, where the
observer is unable to form any EPLAN at all that explains the speaker’s query.

This work lays the foundation for all of the subsequent research in plan-based
misconceptions; it presents a classification for how simple plans can fail, and gives a
method for detecting these types of failures. The main drawback to this approach is
its restriction to simple plans; most interesting plans are not “simple” at all, and it is
not obvious how this theory could be extended to deal with more complex plans.

Another problem, one that is shared with all of the current methods, is the inability
to handle multiple interpretations of plans. Even “perfect” plan recognition (with no
misconceptions) is frequently ambiguous; adding incorrect beliefs only serves to greatly
increase the level of ambiguity. None of the current systems even address the issue of

choosing among competing interpretations.

2.3.2 Quilici’s AQUA System

Another system that deals directly with the problem of plan-based misconceptions is
the AQUA system of Quilici, Dyer, and Flowers [85]. Given a set of incorrect user
beliefs, they try to infer other missing or mistaken user beliefs that might have led to
these incorrect beliefs. The system first tries to find explanations for why it does not
hold the user’s belief, then it tries to explain why the user does hold the belief.

They distinguish between three types of user beliefs that can fail, producing plan-
based misconceptions: beliefs about plan applicability conditions (whether a par-
ticular plan should be used to achieve a goal), beliefs about enablement (whether a
particular state must exist before a plan can achieve a goal), and beliefs about effects
(whether a state will exist as a result of a plan’s execution). For each of these types of
beliefs, the system has a set of potential explanations for why an agent would or would
not believe it.

Quilici’s work basically continues where this thesis leaves off: it starts off with an

initial top-level incorrect belief (a plan-based misconception), and attempts to find
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the underlying incorrect beliefs that caused it, and will collect the information neces-
sary to generate a more helpful correction. This distinction between “top-level” and

“underlying” misconceptions is discussed in greater detail on page 38.

2.3.3 Van Beek’s System

Van Beek [110] has extended and implemented Joshi’s earlier work{48, 49], and so his
system also addresses the problem of generating appropriate responses to mistakes and
misconceptions. While Joshi only considered the user’s immediate stated and intended
goals, van Beek argues that it is necessary to address other domain and background
goals that the user may have, and if these goals conflict with the immediate goals it
indicates a misconception on the part of the user.

The method used here is based on a theorem prover. The system first determines
whether the stated goal is possible. If it isn’t, it informs the user and gives the cause
of the failure. If there is some alternate plan that will achieve the stated goal and is
compatible with the higher level goals, this alternative is presented.

Assuming that the stated goal is possible, the system determines whether it really
does help achieve the intended goal. If it does not, the system informs the user and
tries to find an alternative stated goal. Even if the stated goal is appropriate here, it
checks to see if there is any other goal that would be more optimal. This is done by
running an embedded planning system to generate an optimal plan for the intended
goal. Of all the papers mentioned in this chapter, this is the only one that addresses

the problem of how to diagnose suboptimal plans.

2.3.4 Other Approaches

Broverman and Croft [14] are currently designing an interactive planner for use in
a cooperative office environment. As it is cooperative, it must be able to recognize
other agents’ plans in addition to generating its own plans. The planner is not viewed
as an omnipotent agent with complete knowledge of all plans, so when it discovers
that the user is executing an unknown plan, it could either be because the user has a
misconception, or because he is using a plan that the system is simply unaware of. It
therefore tries to negotiate with the user until both agree on a single correct plan.
Sebrechts [97] combines two methods to create a different approach to the problem

of plan-based misconceptions. He starts with “intention-based diagnosis”, which uses
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normal plan recognition with bug lists, and then adds “associative networks”, which use
a neural network approach to activate the most likely goal based on various information
from the user’s query.

Ohlsson and Langley [76, 77] take a psychological approach to cognitive diag-
nosis, which is closely related to plan recognition. They start off with a particular
domain problem, a problem space, a procedure for generating the correct solution to
the problem, and the agent’s proposed solution to the problem. They then produce a
solution path in the given space that leads from the problem to the answer, calculated
by performing a best-first search through the subject’s problem space. Their main
restrictions are that there must be a known way to generate correct answers, that the
problem space must include ways to generate all possible incorrect answers, and that

the solution path that is produced often does not have an obvious interpretation.

2.4 Summary and Comparison

The overall objective of this thesis, to be able to handle robust plan recognition when
the agent has flawed plans, is identical to Pollack’s. But both the classification and
approach that I take are substantially different. My classification for plan-based mis-
conceptions is probably closest to Rouse’s [91] and Johnson’s (as described in [105]),
but it is not tied to the domain of computer programs as Johnson’s is.

The approach that I take is to reason directly about the structures of the agent’s
plans, rather than about his individual beliefs. This is quite different from most of
the plan-based misconception approaches discussed here, but is somewhat similar to
Johnson’s and Murray’s idea of analyzing the semantics of the student’s functions while
remaining within the framework of the program structure.

A major claim of this thesis is that there is a large ambiguity problem with flawed
plans; once an agent is allowed to have invalid plans, there are often many competing
explanations for the actual plan that he is following. While most of the work discussed
here has ignored this problem, Charniak and Goldman [40, 41] advocate using prob-
abilistic reasoning to select among competing explanations for story understanding. 1
use a similar (but much simpler) probabilistic approach both for ranking the possible

explanations and for guiding a heuristic search through the space of possible plans.



Chapter 3

Basic Definitions

Abstract: There are several different ways of posing the plan recognition
problem, and there are several different assumptions that can be made about
the observer and the agent participating in the planning process. This chap-
ter presents formal definitions for the plan recognition problem and the var-
ious assumptions, It also presents a formal semantics for the structure of

plans, and defines what it means to have a plan-based misconception.

3.1 The Plan Recognition Problem

At the most abstract level, the plan recognition problem can be thought of as something
like the following;:

Given certain observations about the agent’s actions and knowledge about
the current and past states of the world, identify the plan that the agent is

currently following.

However, this definition is underconstrained in two ways: it does not specify what types
of observations are allowed, and it does not specify what it means to “identify a plan”.

The types of observations that are allowable are usually determined by the domain.
For example, in a natural language system, the observations are utterances of the
speaker [3]. In math systems, they may be the individual digits of the solution [15]. In
intelligent assistants for aircraft pilots, they may be instrument readings and control
panel inputs [9, 90]. These observations may all be atomic (at the finest level of detail),

they may all be at a more abstract level, or they may be at varying levels of granularity.

24
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The meaning of “plan identification” is more dependent on the type of plan recog-
nition that the observer wishes to do. It might involve finding the lowest level task that
incorporates all of the atomic observations. It could involve tracing a single observation
up through more and more abstract plans until some “top-level” goal is reached (this
is sometimes referred to as intent inferencing, since it focuses on the intentions of
the agent rather than the particular details of the plan [18, 37]). Or it could involve
expanding all the details of the plan, possibly at several levels of granularity, effectively
reconstructing the complete plan that the agent is currently following.

The plan recognition problem in this thesis addresses a variation of intent infer-
encing. Specifically, we start with one specific plan step that has been extracted from
the user’s query. The task is to trace up from this mentioned step to a top-level goal,
identifying all of the intermediate plans along the way, but not necessarily performing
an explicit expansion of the intermediate plans. This vertical path, which connects
the top-level goal to the specific queried step, is not true intent inferencing, since the
intent (top-level goal) is often already known. But it does constitute plan recognition,
because the object is to discover the role that the mentioned step plays in the overall

plan that the user is currently following.

3.2 Common Assumptions in Plan Recognition

There are several assumptions that are frequently made to simplify the task of plan
recognition. These involve assumptions about both the agent’s and the observer’s
beliefs and their knowledge about plans in the domain. Not all of these assumptions
are present in all approaches, and the assumptions that are present are not always
made explicit.

Perhaps the most common assumption is the Closed World Assumption (CWA),
which basically states that the observer is a true expert in the domain, and knows all

correct ways of achieving the goals in the domain.

Assumption 1 (CWA) The observer has complete and correct knowledge of all valid

domain plans.

This is as much an assumption about the domain as it is about the observer; there

are many domains for which this assumption is completely invalid, regardless of the
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observer’s level of expertise. However, there are also many domains where the Closed
World Assumption can be reasonably approximated.

But this says nothing about the agent’s knowledge of plans, or about how the
observer’s plan set compares to the agent’s plan set. To relate these two sets of plans,
there are two variations on the Closed World Assumption. Ifit is applied to invalid plans
instead of valid plans, we are assuming that the observer is familiar with all possible

mistakes that the agent could make. This is called the Bug List Assumption (BLA):

Assumption 2 (BLA) The observer has complete and correct knowledge of all pos-

sible invalid plans that the agent may have.

And if we make the Closed World Assumption with respect to the agent instead of the
observer, we get the Perfect Plan Assumption (PPA):

Assumption 3 (PPA) The agent has complete and correct knowledge of all valid

domain plans.

One final assumption is the Rational Plan Assumption (RPA), which says that the

agent does not knowingly and intentionally make any mistakes.

Assumption 4 (RPA) The agent always selects an appropriate plan, relative to his
beliefs about plans and the state of the world.

Various combinations of these assumptions place various demands on the capabil-
ities of the agent and the observer, as shown in Figure 3.1. The one combination of
assumptions in the figure that is not applicable is all four assumptions occurring at
the same time. If the agent always selects a correct plan, then there is no need for the
observer to have a bug list.

The Rational Plan Assumption states that the agent acts rationally relative to his
view of the world. If this is combined with the Perfect Plan Assumption, it states
that the agent acts rationally relative to the observer’s view of the world. It would be
unusual to assume perfect plans without rationality; we would not expect to find an
agent who has complete and correct knowledge about valid plans, but who ignores this
information in his selection of an appropriate plan.

Almost all current systems make the Closed World Assumption, and most also
require either bug lists or perfect plans. Both of these combinations mean that the

plan being followed by the agent is always known to the observer. The difference
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Figure 3.1: Assumptions in plan recognition.

between the two is that bug lists place the bulk of the responsibility on the observer,
while insistence on perfect plans places more on the agent. These assumptions make
the job of plan recognition much easier, since the observer never needs to worry about
encountering unknown plans; the agent will always be following either a known valid
plan or a known flawed plan.

The most restrictive combination is the Closed World Assumption, the Perfect
Plan Assumption, and the Rational Plan Assumption (which is called “Perfect Plan
Recognition”). In this case, the observer is guaranteed that the agent will be following
a known, correct plan that is appropriate for the current circumstances, so she will
never have to worry about any kind of plan-based misconception at all.

Although the Closed World Assumption is occasionally relaxed to allow the agent to
have novel plans, it is much rarer to relax the bug list or perfect plan requirement. This
thesis retains the Closed World Assumption for correct plans, but makes no assumptions
at all about the observer’s knowledge of incorrect domain plans. Furthermore, it does
not require perfect plans; agents may be missing certain correct plans, and they may
have additional incorrect plans.

Of course, it is impossible to avoid the Perfect Plan Assumption entirely; we need
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to make some assumptions about the knowledge and actions of the agent. This thesis
assumes that the agent is more or less rational; in other words, he has a particular
plan of action (which may or may not be correct) that he is following, and that he is
not consciously making any mistakes (i.e., the Rational Plan Assumption still holds).
Further, the agent’s set of plans is assumed to be approximately the same as the
system’s set of correct plans, modulo a relatively small number of misconceptions.
This is not at all the same as the Bug List Assumption. It does not assume that these
misconceptions can be predicted ahead of time. There are still an infinite number of
misconceptions that the agent could potentially have, but the total number of these
misconceptions that are actually in a particular plan in the agent’s plan hierarchy is
relatively small.

In fact, we make a slightly stronger assumption, which basically corresponds to
a nonmonotonic (defeasible) version of the Perfect Plan Assumption: unless there is
evidence to the contrary, we assume that the agent has exactly the same plan hierarchy
that the observer does. In other words, there is a default assumption that the agent’s
plan hierarchy is correct and complete. If there is evidence that the agent has a flawed
plan, this is revised to an assumption that the agent’s plan hierarchy is correct and
complete ezcept for this particular plan. This corresponds to a weak assumption of
global rationality; agents always behave rationally relative to their own views of the
world, and they are assumed to behave rationally relative to the observer’s views of
the world unless there is evidence to the contrary.

Thus, the specific plan recognition problem that this thesis addresses (which is
called “Robust Plan Recognition” to contrast it with “Perfect Plan Recognition”) is

the following;:

Given a closed world of correct plans, knowledge about the current and past
states of the world, and information about a queried step in a plan (possibly
described at multiple levels of abstraction), determine how this step relates
to the higher level plans and goals of the agent, assuming that the agent’s

plans may be flawed in unpredictable ways.

The phrase “unpredictable ways” does not mean that incorrect plans are incapable of
being classified into predictable categories. Rather, it means that it is not possible to

predict all specific incorrect plans ahead of time, as described above.
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Figure 3.2: A complete intelligent interface system.

3.3 The Role of Plan Recognition in an Intelligent In-

terface

The approach to plan recognition that is developed in this thesis should be viewed
as only one component of a larger intelligent natural language interface system. The
purpose of the plan recognition module is to provide additional information to an expert
system by placing the user’s query within the context of a plan and by identifying any
relevant misconceptions that the user may have.

The placement of the plan recognition module within the complete system is pic-
tured in Figure 3.2. The user’s query is parsed by a natural language understander,
which has access to the plan hierarchy. This provides the plan recognizer with a se-
mantic description of the specific plan step that the user is asking about, and might
also be able to provide descriptions of some of the higher level goals. For instance,

after processing the question about the W2 form in Example 2, the parser can extract
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certain points in the plan hierarchy that it knows the student is considering. From the
student’s utterance, the parser knows that he is trying to get a W2 form, it knows that
he is trying to fill in his fellowship information, and it knows that he is filling out his

income taxes. So the parser may output something like:
(do-taxes) — --- — (fill-in-fellowship £235) — ... — (get-obj w2-form).

Since these points in the hierarchy all describe the same plan at various levels of
detail, they will all lie along the same vertical path in the hierarchy. Notice that the
parser is always guaranteed to find such a path, since the minimum required input (a

top-level goal and a queried step) is satisfied by the degenerate path

(generic-plan) — --- — (queried-step).

The information about these known points is passed to the plan recognizer, which
attempts to discern the relationship between these plan fragments. In this case, by
examining the plan hierarchy, the recognizer realizes that there is no valid plan in-
volving getting a W2 form for a fellowship. It therefore concludes that there may be
misconceptions present in the plan (for example, that the object in the get-obj step is
not correct), and that there may be multiple possible interpretations of what the agent
is attempting (as described on page 4). These interpretations will be ranked according
to likelihood, and will be passed on to the expert system.

The expert system now has a great deal more information than just the original
query. The query is set within the context of a plan, and misconceptions that would not
be obvious from just a semantic interpretation of the isolated query have been identified
as well. The expert system can now make whatever calculations are necessary to answer
the query or to solve any problems that have arisen.

These calculations and solutions, along with the misconceptions, are passed along to
the natural language generator, which decides how much of the information to include
in the answer and actually generates the response. For example, it might decide that
because of the user’s misconception, an answer to his original query doesn’t even make
sense; it is more important to tell him that he doesn’t want a W2 form than it is to
tell him where the W2 forms are kept. In other cases, the misconception might be
unimportant enough that it can safely be ignored, and the original question can be
answered directly. In still other cases, the best response might contain both an answer

to the original question and a correction of any misconceptions.
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3.4 The Structure of Plans

Since this thesis takes a structure-based approach to misconception classification, it is
necessary to define the structure of plans before the classification can be developed.
While this makes the classification somewhat dependent on the representation of plans,
this representation has been chosen to be quite flexible and to encompass the features

of many of the common representations that are currently being used in other systems.

3.4.1 Plan Components

The plans that are considered in this thesis have the following four components:

e Parameters are placeholders for objects that are used by the plan. If the plan
is viewed as a frame, these are the slots. A plan schema is a stored template for
a plan, which has variables for most of its parameters. By convention, variables
always begin with a “?”. When a plan is invoked, many of these variables get
bindings to specific objects. For example, a plan to get an object might have
parameters of ?what, ?from, and ?to, and might have bindings of object84,

current-loc273, and new-loc5 respectively.

¢ Preconditions are propositions about the world that must be true for the plan
to be executed, and determine whether the plan should even be considered by
the agent. These are similar to applicability conditions [21] or constraints
[42] in the sense that the agent cannot attempt to satisfy the conditions himself.
Preconditions are always beyond the control of the agent (such as a precondition
that a fellowship cannot be from Brown University in order to get a 1099 form),
and are often time-invariant (such as a precondition that the agent of some action
must be animate). Any condition that the agent can control will be represented

as a substep, since the agent must have a plan for achieving these conditions.

e Steps are things that need to be done in order to satisfy a plan. There are three

different types of steps:

— Substeps are necessary and sufficient steps that must be carried out in order
to do the plan. These steps may be atomic actions, or they may be complex
subplans. In the tax domain, the substeps for filling in information about

an agent’s wages might consist of getting a W2 form from his employer,
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reading the amount on the form, and entering that amount on line 7 of the
1040 form.

— Alts are alternate ways of doing a plan. For example, there are two ways
that an agent can fill out his taxes: he can either do it himself, or he can
have a tax service do it for him. If alts are present, then there must be no

substeps (and vice versa).

— Add and delete are lists of propositions that are used to model atomic
actions. If both substeps and alts are empty, then the plan is assumed to
take place without further decomposition (no subplan is needed), and the
add list and delete list update the current state of the world to reflect the

effects of the action.

e Temporal constraints place certain restrictions on the timing of steps. There

are two different types of temporal constraints:

— Orderings are temporal constraints placed on the order of execution of
substeps. These are vacuous for alt steps and atomic actions, and enforce
a partial order on substeps. Orderings consist of a list of ordered pairs of
substeps, where the first substep must be executed before the second. If all
substeps are totally ordered, the constraints can be abbreviated to “total”

rather than listing all of the obvious pairs.

— Mutex are mutual exclusion constraints placed on the execution of alt steps.
They partition the list of alt steps into subsets of mutually exclusive steps
that cannot co-occur. For instance, in a plan for investing money, it is
possible to invest in both stocks and bonds, so these alternatives are not
mutually exclusive. In contrast, the alts for choosing an income tax form
(1040, 1040A, or 1040EZ) are mutually exclusive; the agent can only submit
one of them. If the entire set of alts is mutually exclusive, this can be

abbreviated to “total”.

Plans can be grouped together into a hierarchy that forms a directed AND/OR
graph!. The leaves of the graph correspond to atomic actions. Substep plans (plans

which have substeps) form the AND nodes of the graph (“you need to do A and

!The algorithm presented in Chapter 5 restricts this graph to be acyclic, but the structure and
theory developed in this chapter do not require this restriction.
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B and C”). Alt plans (plans consisting of alt steps) comprise the OR nodes of the
graph (“you can either do it this way or that way). In theory, the plan hierarchy is
strictly interleaved, alternating between layers of substep nodes and layers of alt nodes.

In practice, however, a layer containing only a single node can be collapsed into the

parent node.

3.4.2 Some Examples of Plans

This section contains some examples of plans from the income-tax domain. They are
part of the hierarchy that was presented in Figure 1.1. The first example is a plan to
fill in fellowship information. There is a single parameter, which presumably represents
the fellowship to be filled in. There are two preconditions: that this item really is a
fellowship, and that the agent has income from this fellowship. Finally, there are two

mutually exclusive ways to do this plan: either fill in a general fellowship, or fill in a

Brown fellowship.

(def-plan
:name fill-in-fellowship
:parameters (?x)
:preconditions ((isa ?x fellowship)
(has-income agent ?x))
:alts ((fill-in-general-fellowship ?x)
(fill-in-brown-fellowship ?x))

:mutex total)

If we expand out fill-in-general-fellowship, we see that there is still a single
parameter for the fellowship, but now there is an additional precondition that this
fellowship cannot come from Brown University (if it does, then the agent should be
following the £ill-in-brown-fellowship plan). There are also three substeps that
must be done in the following order: the agent must get a 1099 form from the university,
he must read the amount on line 4, and he must enter that amount on line 21 of the
1040 form.

(def-plan

:name fill-in-general-fellowship
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iparameters (7fell)
:preconditions ((not (equal (university-of ?fell) brown)))
:substeps ((get-obj 1099-form (university-of ?fell) here)
(read-amt ?amt line-4 1099-form)
(enter-info ?amt line-21 1040-form))

torderings total)

Finally, if we look at the get-obj plan, we notice that this is an atomic action.
The only precondition is that the object must currently be at the from-location, and
the add/delete lists update the current state of the world by changing the location of
the object.

(def-plan
:name get-obj
:parameters (7obj ?from ?to)
:preconditions ((at ?obj ?from))
:add ((at ?what ?to))
:delete ((at ?what ?from)))

3.4.3 Comparison to Other Representations

The representation developed in Section 3.4.1 contains the major features of most of
the current plan representations. The basic structure of atomic actions is identical to
the primitive plan representation developed in STRIPS [35].

The hierarchical nature of plans was first introduced in ABSTRIPS [92], and has
been further developed and used in most current representations to decompose plans
into simpler subtasks [26, 30, 31, 61, 117]. However, there are still a few systems that
continue to use flat representations (for example, [23]). Most of the hierarchical systems
only contain substep decomposition; only a handful of systems explicitly contain alt
nodes in the representation itself [9, 37]. Kautz [53] has the equivalent of alt nodes,
but he maintains two completely separate hierarchies: a decomposition hierarchy (for

substeps) and an abstraction hierarchy (for alts).
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Temporal constraints were added to plans in NOAH [93]. Prior to this, substeps
of a plan were implicitly assumed to be totally ordered. Most current representations
have at least a minimum temporal expressiveness to handle partial ordering of substeps
[20, 31], while some have the expressiveness of a full temporal logic [53].

There are some features that are present in a few systems that are not part of this
representation. These include procedural structures (looping, iteration, etc.) [26, 31],
the ability to refer to objects independently of parameters [26], and the ability to

express varying levels of importance (“concern”) for preconditions [63, 64].

3.4.4 A Formal Semantics for Plans

This section presents a formal semantics for the plan structure that was defined in

Section 3.4.1. It uses the following notation:

I = set of all propositions
T,T0,7 = time points
W, = state of world at time 7; W, C 1l
P = set of all plans
P; = particular plan = (p;,t;, s;, i, 04, 6;)
P eP
pi, i, 6; C 11
$i,a; CP

t; C s?Ua?

The six components of a plan have semantic interpretations of preconditions, tem-
poral constraints, substeps, alt steps, add list, and delete list respectively.

t; is a list of ordered pairs of either substeps or alt steps, with the semantic in-
terpretation that if the pair comes from s; the first step in the pair must be executed
before the second, and if the pair comes from a; the two steps are mutually exclusive.
In the latter case, the pairs define a partition of a; such that if two steps are in the
same pair they are in the same partition?.

a; and §; are lists of propositions that are added to and removed from W, (the
current state of the world) respectively when an atomic action is executed.

Individual components of a plan will have the same subscript as the plan; for

example, s; will always refer to the substeps of plan P;. Alternatively, components can

21t is these partitions, not the pairs, that are actually used in the implementation.
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also be referred to by functions of the same name; for example, the substeps of plan P;

can be referred to by s(P;).

There are further restrictions on the sextuple P;, resulting in three specializations

of plans:

o The set of substep plans, P,, contains plans which have substeps and which

may have preconditions and temporal constraints, but which have no alt steps or
add/delete lists.

Pieps — PiZ(Pi,ti,siam,m,@)/\si760

o The set of alt plans, P,, contains plans which have alt steps and which may have
preconditions and temporal constraints, but which have no substeps or add/delete
lists.

Piepa — Piz(piati,maai,mao) A ai7£®

o The set of atomic plans, P,, contains plans which may have preconditions and

add/delete lists, but which have no substeps, alt steps, or temporal constraints.

P.eP, <= P;=(p;,0,0,0,0:6)

These three specializations are mutually exclusive and exhaustive; any plan P; must

belong to exactly one of the specializations.

The predicate executable is defined on plans as follows:

P,eP
p(P) C W,
[3P':Pes(P')] = V(z, P)eTr(t(P")):

31’ : executed(z, ) A T/ X T

executable(P;, 7) <

where Tr(¢(P’)) is the transitive closure of the temporal constraints ¢ for the plan P’.
This means that a plan P; is capable of being executed at time 7 exactly when all of
its preconditions hold in the state of the world, and if P; is a substep of a higher-level
plan, all of its siblings that precede it in the partial ordering must have already been

executed.

The predicate executed has three definitions, one for each specialization of plan:
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e A substep plan is said to be executed at time 7 iff it is executable at time 7
and all of its substeps have been executed between 19 and 7:

([ s(P;)#0

executable( P;, 1)

P,eP, A executed(P;,T) <= { 3z € s(P;): executed(z, o)

Jz € s(P;) : executed(z, T)

| Vz€s(P;): 37" executed(z, ') A 197/ X7

e An alt plan is said to be executed at time 7 iff it is executable and at least one

of its alts has been executed at time 7:
a(P) # 0
P;eP, A executed(P;,7) <= { executable(P;,T)
Jz €a(P;) : executed(z, 7)

o An atomic plan is said to be executed® at time 7 iff it is executable and all of

its add/delete effects are reflected in the state of the world at 7.

s(P) = a(P) =

table( P;,
PeP, A executed(Pi,T) - executable( T)
a(P) CW;
§PYNW, =0

The result of executing an atomic plan is that the state of the world is updated
appropriately: W, «— (W, U o F;)) — 6(P;).

Note that the plan structure defined in Section 3.4.1 has one extra component,
namely parameters. This is because the plans that are stored in the plan hierarchy
are really plan schemas. They contain a list of parameters which may be used as
variables throughout the definition of the schema. A plan is invoked by providing the
name of the plan and a list of values to bind to the parameters; all occurrences of the
parameters in the schema are replaced by the corresponding values. The predicates
executable and executed hold only for plan instances, not plan schemas.

This section has not added anything new to the plan structure; it has simply for-
malized the ideas that were presented in Section 3.4.1 and given precise definitions for

the notions of plan executability and plan execution.

3Technically, this does not guarantee that P; was executed precisely at r; it could have actually
been executed at time 7o prior to 7. But this does guarantee that there were no subsequent actions
that changed any relevant aspects of the state of the world between 7o and =, which is all that we need.
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3.5 Misconceptions and Plan-Based Misconceptions

Before continuing, it is a good idea to clarify exactly what is meant by a plan-based

misconception. The term misconception is defined as follows:
A misconception is any incorrect belief that is held by the agent.

In other words, the agent believes that proposition p is true, when in fact it is false (or
vice versa). The agent must actually believe that he is correct, so this does not include
phenomena such as careless errors and slips of the tongue*.

Plan-based misconceptions are defined as a specialization of this concept:

A plan-based misconception is a misconception about a component of the

agent’s plan.

This misconception can involve the value of a component, the value of one part of a
component, or even whether part of a component exists at all. Plan-based misconcep-
tions intuitively correspond to incorrect beliefs that directly cause a plan to fail.

There are two reasons for restricting consideration to plan-based misconceptions
in this thesis. The first is that the main goal of this thesis is to extend traditional
plan recognition techniques to make them more robust. In order to reason about
plan-based misconceptions, we have to reason about the agent’s plan, and thus do plan
recognition. So these are the interesting misconceptions to look at from the perspective
of plan recognition.

The other reason for limiting our attention to plan-based misconceptions is that in
some sense this restricts us to a “top-level” mistake. Any plan-based misconception
may have underlying incorrect beliefs that caused it. These incorrect beliefs may have
been caused by even deeper incorrect beliefs, and so on. There is no obvious limit to
the depth of this chain of mistakes, and the further down this chain we go, the deeper
into the agent’s mind we must travel. Since the only data an outside observer has is a
surface utterance, these “deep” misconceptions are often impossible to detect.

As an example of why this is so, consider the case of the graduate student request-
ing the wrong form for his fellowship. Substituting a W2 form for a 1099 form in the
get-obj step of a plan to fill in fellowship information is a plan-based misconcep-

tion, since the use of this incorrect form directly causes the student’s plan to fail. The

4 Although the theory does not include such phenomena, they can often be handled successfully by
treating them as if they were misconceptions.
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reason why the student switched them is another level of misconception that can be
used to explain the first. There are potentially an infinite number of misconceptions

that he can have at this level. He may think that:

e W2 forms and 1099 forms are the same.

They are different, but W2 forms are the correct ones to use.

e W2 forms are a special type of 1099 form that are required for fellowships.

1099 forms are a special type of W2 form, but any W2 form is acceptable here.

e etc.

Each of these can in turn be explained by many deeper misconceptions, for example
that all forms contain the same information regardless of their number, and so on.

Of course, we might know something about this particular person or about the
particular situation that would lead us to prefer one of these beliefs over the others,
and this would allow us to directly address his underlying misconception as well as the
surface misconception that caused the plan to fail. In fact, this is exactly what Quilici
attempts to do [85]. When this is approach is possible, the observer is often able to
generate a more accurate and helpful response. But we cannot always rely on having
such detailed information all the time.

The important thing to note is that all of these potential incorrect beliefs have one
thing in common: the user is somehow confused about the relationship between W2
forms and 1099 forms, and this confusion led him to choose the wrong one. This is
precisely the plan-based misconception that the user has, and this is the only infor-
mation that is needed to correct the immediate problem with his plan. In many cases
this information will also be sufficient to allow the user to correct his underlying incor-
rect belief himself, whatever it may be (the response “you’re supposed to get a 1099
form, not a W2 form” would probably suffice to correct all four potential underlying

misconceptions listed above).



Chapter 4

A Classification of Plan-Based

Misconceptions

Abstract: This chapter presents the classification of plan-based miscon-
ceptions. There are sizteen ways that plans can fail, based on the structure
of plans developed in Chapter 3. But this classification can be simplified

into ten detectable and distinguishable types of plan-based misconceptions.

4.1 How Can Plans Fail?

A theory of plan-based misconceptions must take into account all ways that any part
of a plan can fail. Any of the plan components presented in Section 3.4.1 can contain
misconceptions, and there are several different ways that each of them can fail.

For the purposes of classification, all three types of steps will be grouped together,
since only one of them can be present in any given plan anyway. Also, this paper will
refer to binding misconceptions rather than parameter misconceptions, associating the
misconception with the value of the parameter rather than with the parameter itself.
Finally, both orderings and mutex will be grouped together, again because only one of
them can be present in any given plan. This gives four basic components of a plan that
can fail: bindings, preconditions, steps, and orderings.

Each of these components can fail in any of four ways, which can be generalized as

follows:

o A violated component occurs when the agent has the correct component, but it

40
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[ PLAN-BASED MISCONCEPTIONS ||

"T)omponent |

Failure

|

Bindings

Violated Binding
Substituted Binding
Missing Binding
Extra Binding

Preconditions

Violated Precondition
Substituted Precondition
Missing Precondition
Extra Precondition

Steps

Violated Optimization
Substituted Step
Missing Step

Extra Step

Orderings

Violated Ordering
Substituted Ordering
Missing Ordering
Extra Ordering

Figure 4.1: A classification of plan-based misconceptions.

has not been satisfied properly.

41

o A substituted component occurs when a component’s correct value has been

replaced by an incorrect value.

e A missing component occurs when the agent should have included this compo-

nent in his plan but didn’t.

e An extra component occurs when the agent includes this component in his plan

but shouldn’t have.

These 16 types of plan-based misconceptions are summarized in Figure 4.1'. The

descriptions above are very oversimplified, and are not meant to be taken literally.

The following sections give a more detailed description of each type of plan-based

misconception, illustrating each one with a variation of the graduate student’s dialogue

in Example 2 wherever possible.

1Violated Steps are purposely replaced by Violated Optimization. This is discussed on page 43.
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Binding Failures

There are four different ways that bindings can fail.

e Violated Binding: Certain plan parameters can be restricted by the calling
plan. If the agent attempts to use an incompatible binding, a violation occurs. For
example, the get-obj plan has a parameter for the object that the agent wants to
get. When this plan is invoked as a substep of the fill-in-general-fellowship
plan, this parameter will automatically be bound to a 1099 form. If the agent
tries to get a W2 form instead, it will violate the binding that already exists.

e Substituted Binding: Even if the agent has the right values, he may try to
bind them to the wrong parameters. For example, in attempting to get a certain

object, he may reverse the source and destination.

e Missing Binding: A plan may actually have n parameters, but the agent may
think that it has less than n. For example, in a plan for investing his money, he
may ask what the current interest rate is for a CD, not realizing that the rate

depends on the length of investment.

¢ Extra Binding: A plan may have n parameters, but the agent may specify more
than n. He may think that in the plan for filling out his fellowship information,

he also has to specify how many years he has been a graduate student.

Precondition Failures

As with bindings, preconditions can also fail in four different ways.

e Violated Precondition: Since a precondition is something that must be true
for a step to be executed, a precondition whose value is false when the agent tries
to execute the step is an obvious failure. For example, in order for the agent
to get a 1099 form for his fellowship, the fellowship must not be from Brown

University. If his fellowship is from Brown, then the step will not succeed.

e Substituted Precondition: In this case, the agent is aware of the precondition,
but his version of the precondition is incorrect. For example, he may think that
he can get a 1099 form as long as his fellowship is not from Cornell (instead of

Brown).
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¢ Missing Precondition: Here, the agent is not aware that the satisfaction of this
particular precondition is necessary for the success of his plan. The difference
between missing and violated preconditions is a bit subtle. In the case of a
missing precondition, the agent does not even know that the precondition exists
(“I didn’t know that my fellowship couldn’t come from Brown”). With a violated
precondition, the agent knows about the precondition, but is presumably unaware
that it has been violated (“I know Brown doesn’t give out 1099 forms — I thought

my fellowship was from the government”).

¢ Extra Precondition: Here, the agent thinks that the satisfaction of this pre-
condition is necessary for the success of his plan, but in fact it is not necessary.
Continuing the previous example, the agent might think that he also has to be a

first-year graduate student in order to get a 1099 form.

Step Failures

We will now try to break step failures into the same four classes.

e Violated Step: This is the only combination of component and failure that
cannot occur. Because of the hierarchical representation of plans, steps are them-
selves plans. So a violated step is simply a violated plan; it will be recognized
as one of the other types of plan failures. Therefore, this type of failure can be

ignored.

e Substituted Step: The agent is attempting an incorrect step in place of the
correct step. An example of this would be if the agent tried to record the money

from his fellowship by using fill-in-wages instead of £ill-in-fellowship.

e Missing Step: The agent should have included this step in his plan, but didn’t.
Missing substeps and atomic actions (add and delete steps) are the simplest to
understand; the agent wasn’t aware that it was necessary to do this step in order
to complete his plan. For example, he might not know that he has to fill in his
fellowship information when he completes his 1040 form. Missing alt steps are a
bit trickier. An example of this would be if the agent didn’t know that there was
any difference between general fellowships and Brown fellowships. He would only
have a single plan for filling out fellowships, and so would not have any alt node

to distinguish between the two possibilities.
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e Extra Step: The agent is including a step that doesn’t belong. These are exactly
analogous to missing steps. Extra substeps and atomic actions are obvious. An
extra alt step implies that the agent is trying to distinguish between plans that
are actually identical (such as filling in general fellowships and filling in Cornell

fellowships, which are done in exactly the same way).

There is one additional misconception type that is associated with steps, but that
does not fall into the violated/substituted/missing/extra paradigm. It may be the case
that two branches of an alt node are both “correct” in the current situation, in the
sense that both are valid plans and that there are no actual violations. But one of the
alternatives may be preferred over the other. If the agent chooses a sub-optimal path,
then there is a violated optimization. An example of this might be if the agent has
a large number of deductions but chooses not to itemize. He is not required to itemize,

but if he did he would get a larger refund.

Ordering Failures

Orderings can be viewed as a special type of precondition, specifying that one step

must precede another. So they can have the same types of failures.

e Violated Ordering: The agent thinks (correctly) that step A has to be done
before step B, but thinks (incorrectly) that step A has already been done.

e Substituted Ordering: The agent thinks that step A has to be done before
step C, but it really has to be done before step B.

e Missing Ordering: The agent doesn’t even know that step A has to come before
step B.

¢ Extra Ordering: The agent thinks that step A also has to come before step C,
but it doesn’t.
4.2 Simplifying the Classification

In the classification that has just been presented, some misconception categories are
not possible in certain situations. In other cases, misconceptions can exist but are

undetectable. Finally, some misconceptions, although distinct within the mind of the
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agent, are indistinguishable by an outside observer. This is caused by the fact that the
listener does not have the opportunity to observe the agent’s misconceptions directly;
she can only observe the effects that these misconceptions have on his query. These
restrictions on the location, detectability, and distinguishability of misconceptions can
be used to simplify the classification. Impossible and undetectable categories can be
completely eliminated, and indistinguishable categories can be collapsed together.
Section 4.2.1 will discuss which types of misconceptions are detectable at all, and
will describe the circumstances under which they can be detected. Section 4.2.2 will
examine the remaining categories to determine whether they can be distinguished by an
outside observer. Each of the final simplified categories is illustrated with an example

from the dialogue transcripts that were discussed in Section 1.4.

4.2.1 When are Misconceptions Detectable?

Although certain types of misconceptions have restrictions on where they can occur,
most types can occur anywhere in the plan hierarchy. But they are undetectable in all
but a very small part of the hierarchy. The intuitive reason for this is that the user
generally only provides information about the specific steps mentioned in his query.
The observer will not have any knowledge about misconceptions that occur in parts of
the plan hierarchy that the user has not discussed.

To be more precise, the plan hierarchy can be divided into five separate sections
as shown in Figure 4.2. Each section will be examined to determine which types
of misconceptions can exist there, and to determine whether they have any hope of
being detected. The following isolated user query from Example 2 will illustrate the

dimensions of the sections:

“I'm trying to fill out my taxes. Where do | get the W2 form for my fellowship?”

Queried step

The queried step is the most specific step that can be extracted from the user’s
utterance. This is referred to as a queried step whether the utterance is actually a
query or whether it is a statement or command. In the fellowship example, the queried
step is (get-obj w2-form ?where here).

The one type of misconception that usually cannot occur at a queried step is a

missing step. Since the user specifically mentioned the queried step, it is normally not
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goal
/\ ancostor /\
predecessors SuCCesSors
/\ ancestor /\
/\ queried /\
step
predecessors successors

Figure 4.2: The search space.
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possible for it to be missing (it may be wrong, but it has to be there). There are only
two ways that a queried step can be missing. The first is if the agent is using the query
to explicitly assert that the queried step is not part of the current plan, when in fact it
is. The other way that it is possible to mention a “missing” step is if the user queries
an entire procedure (i.e., a sequence of substeps) and omits one of the required steps.

Other than these two special cases, missing queried steps are impossible. But all
other misconception types can occur at the queried step without restriction, and have

a chance of being detected.

Goal

The goal is the most general step that can be extracted from the query. In this example,
the goal could be (do-taxes). Alternately, it could be assumed that there is always a
constant top-level goal of (generic-plan).

For the same reason that the queried step cannot be missing, the goal must also be
present. Unlike the queried step, however, there is no special case where the query can
be phrased in such a way that the goal is missing from the plan. So missing steps are
completely impossible at the goal.

All misconception types other than missing steps are allowed and have a chance of

being detected.

Ancestors

The ancestors are all nodes that lie along the vertical path between the goal (inclusive)
and the queried step (exclusive). Note that this vertical path represents a single time
period; each node in the path is either a substep of the node above it or an alternate
way of doing the node above it. So in some sense, all nodes along the path represent
the same plan step at different levels of detail. Some of these ancestors may have been
specifically mentioned by the user (such as £ill-in-fellowship in this example), but
others may be unmentioned. |

Once again, missing steps cause problems. There cannot be a missing step miscon-
ception at any of the mentioned ancestors, for the same reason that the goal can’t be
missing. Steps that are not mentioned by the user, on the other hand, can be missing,
but these misconceptions are undetectable. Since the user never mentioned the step in

question, there is no way for an outside observer to decide whether he is including that
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step in his plan, or whether he has “short-circuited” his plan to skip over that step.
With the exception of missing steps, all other misconception types can occur at

ancestor nodes and have a chance of being detected.

Predecessors

The predecessors are all nodes that temporally precede the queried step. Assuming
that steps are listed in chronological order from left to right, predecessors basically
include all nodes to the left of the vertical path, such as getting the 1040 form. Steps
that have no temporal order relative to the queried step are placed in the successors
partition in order to restrict predecessors to steps that must have already taken place
(again, relative to the queried step).

Any type of misconception can occur at a predecessor node, including missing steps,
but they are all undetectable. There are two cases to consider, based on whether the
node in question is part of a path that has been previously mentioned during the
dialogue. In the case of a path that has already been discussed by the user, we can
safely assume that the observer has already corrected all detectable misconceptions
at the time that the path was discussed. In the second case, if the misconception
is contained in a portion of the plan hierarchy that has not been discussed yet, it is
undetectable. To take extra step misconceptions as an example, the user might think
that before he fills in his fellowship information, he has to order a pizza. But unless he
mentions that fact, the observer will never be made aware of it.

There are some misconception types that we would expect to be detectable re-
gardless of whether the user has mentioned them or not. For example, while some
preconditions can change their truth value over time, others are time-invariant; they
will always be either true or false. It should be possible to check if these time-invariant
preconditions hold, whether or not they are in a portion of the hierarchy that has
been discussed. We should also be able to check temporal constraints at any of the
predecessors.

But it turns out that even these types of misconceptions are undetectable, because
the observer may not even be able to determine whether a given node in the hierarchy
is part of the user’s current plan. Remember that a substantial percentage of the plan
hierarchy consists of alt nodes, which act as choice points. The user has presumably

already chosen which of the alternate subplans he intends to use for many of these
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choice points, but since this is not part of the query, the observer has no way of
knowing how the plan hierarchy has been pruned. This prevents the observer from
checking preconditions in predecessor nodes (a misconception type that could normally
be detected) because even if she finds one that has been violated, she doesn’t know
whether or not the user is going to try to execute that particular step. This step
might be part of the hierarchy that he has already pruned off, so he would have no
intention of trying to execute it, and a violated precondition should not be considered
a misconception.

There is one exception where the observer does have strong reason to believe that the
user intends to do certain steps. These steps are precisely the siblings of any substeps
in the vertical path from the goal to the queried step. These steps are guaranteed to
be part of (the correct version of) the user’s current plan. Once the user selects a
particular alt step for his plan, he is committed to selecting all of the substeps that
comprise that plan. So time-invariant preconditions and temporal constraints can be
checked for violations in these steps. However, we cannot make the same claim for the
descendants of these steps; as soon as an alt step is encountered, we are back in the
problem of the last paragraph.

With this single exception, all misconception types in predecessor nodes are unde-
tectable.

Successors

The successors are all nodes that follow the queried step in time, and cover the right
hand side of the plan hierarchy (including nodes that are not ordered with respect to
the queried step).

Misconceptions located at successor nodes are analogous to the case with prede-
cessors; there is often no way to tell whether a given successor node is part of the
user’s current plan or not. In addition, it is not possible to test temporal constraints
of successor nodes at all (even in the special case mentioned for predecessors) because
these are steps that will not be done until some time in the future. It may be that
a currently unsatisfied condition may become satisfied before the step is executed, in
which case no misconception has occurred. So misconceptions are not detectable in

successors at all.
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Summary

Although we were not able to completely eliminate any misconception classes, we were
able to restrict the search space within which we can expect to locate the misconcep-
tions. Both predecessors and successors can be ignored in our search for misconceptions,
so the only section of the plan hierarchy that needs to be checked is the single vertical
path from the goal to the queried step. Within this section, missing steps are only

detectable at the queried step, and even that requires a special form of query.

4.2.2 When are Misconceptions Distinguishable?

This section examines each of the misconception categories to determine whether they
are distinguishable from each other. After simplifying the classification by collapsing
indistinguishable categories, each remaining type of plan-based misconception will be

illustrated with an example from the transcripts.

Binding Categories

Bindings can be simplified into a single category.

Missing and extra bindings both occur when the agent has the wrong number of
parameters for a particular plan. There is immediately a problem of logic representation
that is caused by having an incorrect number of parameters. If plans are expressed in a
logic such as first order predicate calculus, they get translated into functions, and it is
not clear how to even represent a logic function with the wrong number of parameters.

But this will automatically be taken care of in the process of translating from the
agent’s English input to the internal representation of plan invocations. This trans-
lation is done by the natural language understander, which knows about the number
of parameters that each plan requires. The parser will attempt to find values in the
agent’s query to bind to each of these parameters. Failing that, it will attempt to find
some default value for the remaining parameters. Parameters that still have no value
at this point must be missing from the agent’s version of the plan, and will be filled in
with Skolem constants (“placeholder” constants that have no known properties) [25].
In this way, the plan is guaranteed to have the correct number of parameters.

The question remains as to whether or not missing or extra bindings will actually
occur in real life. As far as extra bindings are concerned, the translation mechanism

would have no reason to attach any extra parameters to the plan. Although it is
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easy to come up with realistic English queries that contain extraneous information,
it is surprisingly difficult to come up with an example where that extra information
unambiguously entails an extra parameter for the plan. Missing bindings are also tricky.
There are borderline examples such as investing in a CD on page 42. But it is unclear
whether this is truly a missing binding or whether the agent is assuming a default value
for the binding. If missing bindings do exist, they are identifiable by the fact that an
instantiated plan still contains a Skolem constant (because the agent did not provide
the necessary value and no default value could be found). An analysis of the examples
in the transcripts did not find a single example of either a missing or extra binding.
Given this lack of supporting evidence, missing and extra bindings will be eliminated
from the classification.

Although substituted bindings can be treated easily enough as multiple occur-
rences of violated bindings, it would be nice to handle them separately since two bind-
ings that are simply in the wrong order should not be penalized as much as two bindings
that are each incorrect on their own. It would appear at first glance that substituted
bindings can in fact be handled separately: since two bindings have been switched, try
to “unswitch” them by permuting pairs of bindings until the violations are eliminated.
However, in general it is impossible to sort out which bindings have been substituted.
It is not sufficient to just try switching pairs of incorrect bindings until the violations
are eliminated. First of all, the substitutions may not be strictly pairwise — there may
have been three or more bindings involved in the substitution. Secondly, the substitu- |
tion may involve one violated binding and one correct binding (as in the case where
one of the plan parameters had no restrictions placed on it, so no violation occurred).
Finally, one or both of the agent’s bindings may have been incorrect even before the
substitution, so even after the substitution is undone violations may still occur.

Again, no examples of substituted bindings were found in the transcripts. However,
even if they do occur in real life, they are indistinguishable from violated bindings based
on the analysis above, and the two categories can be collapsed together. Since we have
already eliminated missing and extra bindings, this leaves violated bindings as the
only type of detectable binding misconception.

As a simple example of a violated binding, consider the dialogue shown in Example 3

where a tax expert is explaining how to calculate estimated taxes?. The second expert’s

2For all of the examples from the transcripts, all personal names have been eliminated, and have
been replaced with [U] for the user (or novice, or person asking the question) and [E] for the expert
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response shows that she believes the first expert’s plan had a violated binding for the

tax form that should be used.

[E1] ... Plugging $50,000 into Schedule Y-2 gives a tax due of $9976.50.
[E2] | think you meant Y-1.

Example 3: Violated Binding (easy).

While most cases of violated bindings are quite straightforward, they can occasion-
ally get very messy. Example 4 is taken from the investment transcripts, and the entire
dialogue appears to be derived from a single violated binding on the maturity date of a
certificate of deposit. This one mistake generates several other violated bindings, and

ends up complicating the situation to such an extent that even after several readings,

the conversation is still not completely clear.

[E] Mf the penalty is going to be taken based upon the difference between
the rate on the certificate and the passbook rate, that’s gonna hurt
you too much.

[U] Even though it’s 4 more years?

[E] Well it isn’t. It's only 2 more years.

[U] Oh 4 years — that’s right, yes the other 3.

[E] Didn’t you say 847

[U] Right.

[E] Well that’s 2 more years, maybe 2 1/2.

[U] Well this is 82, ... no | beg your pardon it’s 86.
[E] 86! then you put the thing in in 19787

[U] 1978, I'm sorry. Yes it's 1978, and it's an 8 year certificate for
$20,000.

Example 4: Violated Binding (hard).

(occasionally [E1]}, [E2], etc. if more than one expert responds).
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Precondition Categories

All four types of precondition misconceptions are detectable, but some can only be
detected within restricted forms of queries, and others cannot always be distinguished.

Violated preconditions are the simplest ones to understand; if a precondition is
supposed to hold at the current time but does not, then a violated precondition would
appear to be the obvious explanation. For instance, in Example 5, the user is inquiring
about purchasing a certificate of deposit, and asks if the interest rate would be any
different if he bought it from a major bank such as Bache and Company. The expert
points out that there is a violated precondition with this plan, since the user thinks

that Bache and Company is a major bank when in fact it is a brokerage.

[E] On the 2.5 years it [a 30 month certificate] is 14.55% if you buy it
from a savings bank or a savings and loan and that compounds to
just a shade under 16%.

[U] How about if bought it from a major bank? ... I'm using Bache and
Company.

[E] They're not a bank; they're a broker.

Example 5: Violated Precondition.

However, even though violated preconditions are detectable and identifiable regard-
less of the type of query, other types of precondition misconceptions can occasionally
resemble violated preconditions, depending on how the user’s statement is phrased.
In many cases, missing and substituted preconditions are indistinguishable from
violated preconditions. All three types of misconceptions will be observed as violations
of the correct precondition, whether the agent had the correct precondition, whether
he was missing the precondition completely, or whether he had a different precondition
in its place. This is because in most cases the agent does not explicitly mention any
preconditions; the only thing that an outside observer can see is that the correct pre-
condition does not hold. She cannot see what precondition, if any, is included in the
agent’s version of the plan. She might have some reason to prefer one interpretation
over another, but she cannot always decide unambiguously.

The exception to this is when the user does mention a precondition explicitly in

his statement. In Example 6, which contains a substituted precondition, the first
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expert states exactly what she believes the precondition to be, so the listener knows
that it is not a simple violation of the correct precondition. The second expert judges it
to be substituted (as opposed to an extra precondition which he might have in addition

to the correct one) based on its similarity to the correct precondition.

[E1] The subject of “which state” is a really thorny one. Long ago, the
Supreme Court ruled you must be a residence [sic] of exactly one
state,

[E2] If my memory is correct, you can have the penalties of residency in
2 states simultaneously.

Example 6: Substituted Precondition.

Missing preconditions are a bit trickier; in these cases, the agent must somehow
convey his belief that a particular precondition is not necessary for a plan, as in the
conversation of Example 7. Here, the expert can conclude that the user is missing
the precondition of residence/citizenship because he obviously knows that if it were a

precondition it would be violated, and yet he still believes that his plan may be valid.

[U] | was wondering if anyone had any experience in claiming their par-
ents living abroad as dependent on their tax return. The parents in
question are neither US citizens nor permanent residents.

[E] One of the requirements is ... they MUST be resident aliens or US
citizens.

Example 7: Missing Precondition.

Observe that in this example, if the user’s parents actually were US citizens, and
if the user did not mention anything about citizenship in his query, the expert would
have no reason to suspect a missing precondition at all. Even though the user would
have exactly the same misconception that he currently has, it would be undetectable.
This is a general problem with both missing and substituted preconditions: they are
only detectable if the precondition does not hold. If the agent has an incorrect precon-
dition or is missing a precondition completely, but does not mention it in his query,
and the precondition is coincidentally satisfied anyway, then the misconception will go

undetected by the observer.
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Unlike substituted and missing preconditions, which usually show up as violated
preconditions when they are not mentioned, extra preconditions are completely
undetectable when they are not part of the user’s query. If the agent does not explicitly
mention any preconditions, then there is no way of knowing whether he has any extra
ones. So the only time the observer needs to worry about extra preconditions at
all is when the agent is directly questioning whether a given step has a particular
precondition.

For example, the New York State income tax form has a line for claiming a household
tax credit. This credit has several preconditions, but quite surprisingly possessing a
household is not one of them. It would be very understandable for an agent to have
an extra precondition here (that he needs to own or rent a house in order to have a
household credit), but the only way that this would come up in conversation is if the
agent said something to the effect of “Hey, don’t I have to own a house in order to
take a household credit?”. This can be semantically paraphrased as “Doesn’t the step
fill-in-household-credit have a precondition of own-house?”.

Consider Example 8, which is taken from the tax transcripts. Note that if the first
expert did not specifically mention the incorrect precondition, we would have no reason

to suspect that he has a misconception.

[E1] ... Any alien can take all those [standard] deductions and use exactly
the same tax laws which apply to citizens and resident aliens, |F he
declares that he INTENDS to become a resident alien or citizen!!

[E2] 1 just received my copy of the IRS tax guide for non-residents.... On
page 1 it specifically states: “Intent is not important in determining
residency status.”

Example 8: Extra Precondition.

Therefore, while no universal simplification can be done to the classification of
precondition misconceptions, we can simplify things in the cases where the user does
not explicitly mention a precondition. Under these circumstances, we are able to ignore
extra preconditions, and we can collapse the remaining three classes into violated
preconditions. When the user does mention a precondition, then all four types of

precondition misconceptions are detectable and distinguishable.
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Step Categories

Violated steps have already been eliminated from the classification, as explained on
page 43.

An analysis of Section 4.2.1 will reveal that missing steps have been proven im-
possible or undetectable in all sections of the plan hierarchy except for two special
cases. The first case is with predecessor nodes that are siblings of a substep along the
vertical path from the goal to the queried step. We know that these steps must be done
before the agent attempts the current step. If one of these has not been done yet, it
may be because the agent is missing this particular step from the hierarchy. However,
it is not possible to distinguish this case from the one where the agent has this step in
the proper place in his hierarchy but has just not completed it for some reason. These
instances of missing steps cannot be distinguished from violated orderings.

The other special case is with certain queries that implicitly or explicitly deny the
inclusion of the queried step in the plan. The agent could do this by listing all of the
substeps that he believes are in the plan, or by expressly stating that a particular step
is not part of the plan. This has already been discussed on page 47, and such cases
are both detectable and distinguishable. In Example 9, the user states that there is
no alt node in the plan for investing in IRAs that allows for combining deductible and
non-deductible money in the same account. Because he specifically mentions this, the

expert is able to recognize the missing step and correct it.

[U] My understanding is that it is not permissible to combine deductible
and non-deductible IRA money in the same account. Must | disen-
tangle the two accounts, and how do | do it?

[E] My understanding is that it is permitted to do so, but it will result
in major headaches as you'll have to retain your |RA records for the
rest of your life and engage in non-trivial computations when filing
your tax forms.

Example 9: Missing Step.

Extra steps are usually distinguishable from substituted steps based on whether
or not it is possible to identify the correct step that the substituted step has replaced.
In Example 10, the user explicitly mentions each substep in his plan to kill a region in

Emacs. The expert tries to match each one to a correct step, and finds that there is
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still an extra set-mark step that does not match anything.

[U] | have not been very successful in killing any regions yet. | tried 3
times and no luck.

[E] What are you doing?

[U] ! set the mark at the beginning, the mark at the end, then escAK
and doesn’t work.

[E] OK the problem is you only set the mark at one end of the region.
Do not set the mark twice; it will not work.

Example 10: Extra Step.

In contrast, the user in Example 11 is trying to center the comments in his program
by inserting tabs. It is easy for the expert to realize that this incorrect step corresponds
to the correct center-line step, and that it is not an extra step that the user has in
addition to the center-line step. Of course, it is possible to have a case where the
user’s step is so different from the correct step that the observer may be unable to find

a connection, in which case she may incorrectly diagnose it as an extra step.

[U] What do you want done to the comment headers? Three tabs in-
serted?

[E] No, they should be perfectly centered. Do that with the “Center-
line” command, esc-C.

Example 11: Substituted Step.

Violated optimizations are technically a subclass of substituted steps, but they
can be distinguished by the fact that the step itself is not incorrect. In other words,
the subplan rooted at the step is valid but suboptimal. In Example 12, the user’s plan
for purchasing municipal bonds is valid, but it is not the best way to invest his money.

So substituted steps, extra steps, and optimization violations are all de-
tectable and distinguishable categories of step misconceptions, and missing steps

can be detected and distinguished in certain cases.
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[E] Put this money aside in treasury notes.
[U] | thought maybe we should buy municipal bonds with that.

[E] If you buy municipal bonds the interest on your loan will not be
deductible. So municipal bonds just don’t make sense in this case.

Example 12: Violated Optimization.

Ordering Categories

Section 4.1 stated that orderings could be viewed as special types of preconditions.
However, unlike preconditions, it appears from a study of the transcripts that people
do not tend to make explicit statements about orderings in their queries. Following the
analysis of preconditions on page 53, the four types of ordering misconceptions would
only be distinguishable if they were explicitly mentioned. So extra orderings are
undetectable and violated, substituted, and missing orderings can be collapsed
into a single category. As mentioned earlier, certain types of missing steps can also be
included in this category.

Example 13 shows a case of a violated ordering from the Emacs transcripts. The
user is trying to define a macro, but he forgets to insert the body of the macro before he
closes it. Notice how close this example is to a case with a missing step; just changing
the wording of the user slightly could give the impression that he didn’t think he had
to insert the body of the macro at all.

To illustrate a case of violated mutex, the user in Example 14 is trying to declare
income from profit sharing on his income tax in two different ways: by counting it as a
capital gain, and by using a 10-year averaging method. Both methods are acceptable,
but only one of them can be used. Since the user is trying to do both, he is violating

a mutual exclusion constraint.

Summary

Figure 4.3 summarizes the simplifications that have been made to the classification

3

in this section®. The original sixteen categories of plan-based misconceptions were

derived directly from the structure of plans presented in Chapter 3. The first part of

3The rightmost column of Figure 4.3 will be discussed on page 62.
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[E] You can set a macro to change the word. To do this first type AX-(.
This will start your macro.... Then do a search for the word you
are trying to change and make all the appropriate changes for that

one particular case as you would normally. When you are done type
AX-)....

[U] I guess you have to give me the instructions once more. | don't seem
to get it right. 1 type AX-(, do a search for that word, type AX-),
get the binding message, ... and then what?

[E] You don’t want to type AX-) until you have changed the mistake.
Make the changes you want, then type AX-).

Example 13: Violated Ordering.

[E] You only get that 10 year advantage [10 year averaging].

[U] Isn’t there a portion of that profit sharing which is ordinary income
and ...?7

[E] Yeah, the amount based upon pre-1976 contributions can be capital
gain.... But you can’t use the capital gain plus the 10 year advantage.

[U] Oh, I see. You have to use one or the other.

Example 14: Violated Mutex.
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ﬂ PLAN-BASED MISCONCEPTIONS ||

| Component | Failure | Frequency ||

Violated 16-21

Bindings Substituted
Missing XXX
Extra XXX
Violated 7-14

Preconditions | Substituted 8
Missing 16-23
Extra 4-5
Optimization 17

Steps Substituted 11-14
Missing 5-6
Extra 12-14
Violated

Orderings Substituted 2
Missing
Extra XXX

Figure 4.3: A simplified classification of plan-based misconceptions.
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Section 4.2 showed that it is only necessary to search for these misconceptions along
the vertical path from the agent’s goal to his queried step. And the second part showed
that the classification can be simplified to ten types of misconceptions that are (at least
sometimes) distinguishable from each other and are detectable to an outside observer.
These results were derived from directly reasoning about the information available to

an outside observer.

4.3 Evaluation of the Classification

Although there is now a theoretical justification for this classification, we still need
to demonstrate that this classification accurately accounts for the types of plan-based
misconceptions that people actually make. In order to provide this pragmatic justifi-
cation, this section will analyze the dialogue examples from the transcripts described

in Section 1.4 to see how well they fit into the classification.

4.3.1 Transcript Examples of Plan-Based Misconceptions

Even though the purpose of collecting the dialogues in the transcripts was to illustrate
examples of plan-based misconceptions, closer inspection revealed that some of the
dialogues were not really plan-based misconceptions after all. Of the 111 examples
that were originally collected, only 79 conformed exactly to the technical definition
given in Section 3.5. There are two reasons why some of the examples were judged
not to be plan-based misconceptions: some were not plan-based, and some were not
misconceptions.

There are 18 instances where even though the example is plan-based and the user
may be experiencing some difficulty, he is questioning whether something is possible.
If the user questions a fact, then he is not making any claims as to whether it is true
or not, so it isn’t technically a misconception. For instance, in Example 15, the user
seems to be surprised that he can still contribute to an IRA account at age 65. But
the way that his question is phrased, he is not actually expressing any misconception.
If the wording of the example were changed slightly so that he is definitely expressing
a belief that the maximum age limit is lower than 65, then it could be viewed as a
substituted precondition. .

Many of these examples can be treated exactly as if they are plan-based misconcep-

tions, since their lack of misconception is often just an artifact of the particular way in
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[E] Let’s at least save 15% of that $4000 that he earned in his job, and
put it in an IRA account.

[U] Can you join the IRA when you're 657
[E] Oh absolutely; up until ... the year in which you're 70 1/2.

Example 15: Queried example; no misconception.

which the dialogues were phrased. They could be converted to legitimate plan-based
misconceptions just by changing the wording slightly, and even the original speakers
might have rephrased them in that way if they were placed back in the same situation.
However, to be safe, these examples were kept separate from the naturally occurring
plan-based misconception examples.

There are 14 other examples which do contain actual misconceptions, but which are
not plan-based in their current form. These often take the form of isolated statements
about the world. In Example 16, the user has an obvious misconception, but there
is no mention of a plan. This example could have been classified as a plan-based
misconception if additional context had firmly established that the user was referring

to a component of a plan, but this context was not present in the actual dialogue.

[U] ... In Pennsylvania, municipalities can not tax nonresidents who
work there.

[E] I believe this last statement to be false. The city of Philadelphia has
a city wage tax. Every person who works in Philadelphia pays this
tax regardless of where they live. In other words if you live in the
suburbs, but work in the city, you pay city wage tax!!!

Example 16: Misconception, but no plan.

To judge the effectiveness of the classification, I used the 97 examples that are either
plan-based misconceptions or queried examples that could easily be rephrased into the
proper form. For each of these dialogues, I located the plan-based misconceptions
(some had more than one) and checked to see if they fit into the classification. The
results of this analysis are shown in the rightmost column of Figure 4.3. These totals

reflect the number of misconceptions (not the number of examples) that fall into each
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category.

4.3.2 Ambiguity in Classification

Several of the entries in Figure 4.3 are ranges instead of single numbers. This is because
it was possible to place some of the misconceptions into more than one category. There
are two explanations for this ambiguity.

Some of the examples are truly ambiguous, in the sense that there are two possible
interpretations that are indistinguishable to an outside observer. In Example 17, the
expert is trying to get the user to define a macro, which is not allowed in the current
Emacs mode. There are two possible interpretations of this example: either the expert
didn’t know that macros were disabled by “safe mode 2”7, or else she didn’t realize
that the user was in this particular mode. Of course, she herself knows whether this
precondition is violated or whether it is missing. But as observers of this conversation,

we are unsure. This type of situation was already discussed on page 53.

[E] Let’s now define a KBD macro. For this one, start at the top of the
file. Now, open (or “start remembering”) the macro by typing AX (

[U] AX( “is not allowed in safe mode 2".

[E] Oh, ... my mistake. Most sorry.

Example 17: Violated Precondition or Missing Precondition?

Another source of ambiguity is that sometimes the assignment of a misconception
to a particular category is dependent on the way that the plan hierarchy is structured.
In Example 18, the obvious misconception is that the user is trying to invest his money
in something that does not exist. But depending on how the hierarchy is constructed,
this could appear in two different ways. It may be that the plan hierarchy contains a

plan such as

(invest-money ?type-of-investment ?amount)

and the user is trying to bind the nonexistent object treasury-twin to the param-
eter ?7type-of-investment, which causes a violated binding. On the other hand, it
may be that the invest-money plan only has a single parameter for the amount of

the investment, and that the type of investment is handled by the alt plans (such as
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invest-in-stocks or invest-in-treasury-notes), in which case the user’s miscon-

ception would show up as a substituted step.

[U] | have a brother that suggested to take out treasury twins.... | never
heard it mentioned on this show about treasury twins.

[E] Treasury what?

fU] ... T-w-i-n-s. TWINS, treasury TWINS.... My brother said he has
them.

[E] ... | have never heard of TWINS.

Example 18: Violated Binding or Substituted Step?

This example shows that sometimes it is possible to translate one type of miscon-
ception into another simply by restructuring the plan hierarchy. This is an artifact
of the particular knowledge representation used for plans, and as such is not central
to the theory itself. But this translational ability happens to be convenient from an
implementation perspective, because it allows us to convert “hard” misconceptions into

“easier” misconceptions (see Section 5.8.5).

4.3.3 Unclassified Examples

There are three examples from the transcripts that do not seem to fit into the classifi-
cation at all. Surprisingly, this is the case even though two of the dialogues are simple
variations on an example that can be handled.

There were several places in the Emacs transcripts where users experienced difficulty
with “setting the mark” (used in tasks such as defining a region and killing a region).
Many users thought that there were two marks — one at the beginning of a region of
text, and one at the end. But in fact there is only one mark. One dialogue involving
difficulty in setting marks was given in Example 10 on page 57, which was used to
illustrate an extra step. In both Example 19 and Example 20, the user has exactly the
same problem: he thinks that there are two marks that need to be set. But in these
examples, there is no extra step that he is referring to. In fact, he never even explicitly
refers to the second mark at all, let alone to a step which uses it. He only alludes to the
non-existent second mark in a very indirect way, by mentioning “the first mark” (which

implies the existence of a second mark) or “only one mark active” (which implies that
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there may be other inactive marks). So there is nothing in the dialogues that we can

use to pick out a specific failed plan component. And yet they are still plan-based, and

they are still misconceptions.

[U] I set the first mark at the bottom of what | wanted, so | didn't want

to delete anything below that. | tried typing esc g a few lines below
but saw no response.

[E] Hmmm. Let’s do that again. Set the mark (there is only one mark.
THE mark), move over one word or line, and type esc-g. The point
(cursor) should move back and forth.

Example 19: A difficult example of setting two marks.

[U] | want to move a block of text as a unit. How do | do it?

[E] Mark out the region (do be sure to check that you've marked the
right region with esc-G), kill it, move to where you want it, and
unkill it (AN). Comprende?

[U] Is only one mark active at a time?

[E] No. That's not quite the idea. There is only one mark. You kill a
region BETWEEN the point & mark.

Example 20: Another difficult example of setting two marks.

The third example that caused difficulty for the classification was a lengthy dialogue
involving five different experts. They were discussing how to calculate the capital gains
tax on a property sale, and each expert came up with a different answer. Each one
pointed out a mistake in the previous expert’s calculations, then gave her own method
for computing the answer. It might be possible to find a complex combination of missing
steps, violated bindings, substituted steps, and missing preconditions that explains
each expert’s mistake. But a much more natural explanation is that the expert’s entire

procedure is wrong, and that it should be completely replaced with another method.
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4.3.4 Conclusions

Except for these three cases, all other examples from the transcripts seemed to fit
within this framework of plan-based misconceptions quite well. The “truly ambiguous”
examples, i.e. the examples that people would not be able to distinguish, are correctly
treated as ambiguous by the classification. And we will see later that the “structurally
ambiguous” examples are actually desirable for the process of automating the detection
of these misconceptions.

Assuming that the examples in the transcripts are representative of the sorts of
mistakes that people make with their plans in real life, this demonstrates that the
classification developed here is a reasonable way to organize plan-based misconceptions.

The main advantage of this type of classification over the “belief-based” classifica-
tions is that misconceptions are associated directly with a specific component of a plan,
rather than being treated as more isolated incorrect beliefs. This will make identifying
plan-based misconceptions much more straightforward, since the detection process can

now be completely combined with the plan recognition process described in Chapter 5.

4.4 Comparison to Other Classifications

Pollack [83] suggests three classes of plan-based misconceptions. Unexecutable acts
occur when the agent has a false belief about the executability of a plan. This would
include anything that causes an otherwise correct plan to become invalid, and encom-
passes the categories of violated, substituted, and missing preconditions. Ill-formed
plans occur when the agent has a false belief about the hierarchical relationship be-
tween two steps. Since Pollack’s plans merge bindings and step names, this category
includes special cases of violated bindings, substituted steps, missing steps, and extra
steps. These are just special cases because she only considers “simple” plans which
consist exclusively of simultaneous substeps. Finally, incoherent queries occur when
the observer cannot find any way of attributing a rational plan to the agent. Pollack’s
canonical example of an incoherent query is Example 21; the expert has absolutely no
idea why the user thinks that standing on his head will help in his plan to call Kathy.

The classification developed in this chapter has nothing that corresponds precisely
to an incoherent query. It would treat Example 21 as a particularly bad extra step.

Clearly the user believes that standing on his head is part of a phoning plan, and since
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[U] | want to call Kathy at the hospital. How do | stand on my head?

Example 21: Incoherent query.

it does not correspond to any known steps for this plan, it must be an extra step.
The reason why Pollack creates a separate category for examples like these is that
she does not have any way of measuring the likelihood of a misconception, and she
wants to distinguish these cases from cases of more “believable” extra steps. It is more
appropriate to handle this with probabilities, as described in Chapter 6.

Quilici [85] presents three slightly different categories of plan-based misconceptions.
Violated plan applicability implies that a particular plan should not be used to
achieve a goal. It roughly corresponds to a substituted or extra alt step. Violated
enablement occurs when the agent incorrectly believes that a particular state exists
(or must exist) before a plan can achieve a goal, and covers the four types of pre-
condition misconceptions. And violated effects occur when the agent has incorrect
beliefs about the state that will exist as a result of the plan’s execution. Since the plan
structure in Section 3.4.1 only represents effects at the atomic level (via the add/delete
lists), my classification can only address special cases of violated effects.

Van Beek [110] uses a classification similar to that presented by Joshi [48]. This
classification focuses on whether the query is possible, whether it achieves the intended
goal, and whether there are other alternate ways of achieving the goal. The five relevant

combinations that produce plan-based misconceptions are:
1. Failed query, another alternative.
2. Failed query, no alternative.

3. Successful query, does not achieve goal, another alternative.

NN

. Successful query, does not achieve goal, no alternative.
5. Successful query, achieves goal, better alternative.

He does not distinguish between the various ways that the query can fail, and treats
steps and preconditions interchangeably. So his “failed query” matches all of the pre-
condition and step misconceptions (except extra precondition, which he does not ad-

dress). My classification does not differentiate between whether there are other possible
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l Jlif2[3[4]5]6[7[8]9]10]11[12]

Calistri Y |Y|Y|Y|Y|Y|Y]Y|Y[Y]n]s
Pollack y n s n|nyY|n
Quilici y y n|n{n|nl|Y
vanBeek y | n s n{n|Y|n|n

1. Subst. Precondition 7. Extra Step

2. Violated Precondition 8. Missing Step

3. Missing Precondition 9. Violated Ordering

4. Extra Precondition 10. Optimization

5. Violated Binding (11. Incoherent Plan)

6. Substituted Step (12. Violated Effect)

Figure 4.4: Comparison of the four classifications.

alternatives (except for violated optimizations, which match his last category). His clas-
sification does not deal with bindings or orderings at all, and does not handle missing
steps because of the type of query that he assumes.

Figure 4.4 summarizes how these three classifications map onto the classification
presented in this chapter. The columns represent the ten types of plan-based miscon-
ceptions from my classification, along with Pollack’s “incoherent plan” and Quilici’s
“violated effect”. A lowercase “y” means that several of these classes have been col-
lapsed into a single class. A lowercase “s” means that the classification recognizes only
special cases of this type of misconception.

This figure illustrates that my classification encompasses a superset of the other
three systems. The one type of misconception that it does not represent is “incoherent
plan”, which is indirectly addressed by probability measures on extra steps. It is
quite significant that I handle categories that are not addressed at all by the other
three classifications. It is less significant that several of my categories are combined
into a single category in other classifications. It is still unclear whether this more
fine-grained representation of plan-based misconceptions is important for cooperative
response generation. It may be that such specific categories are critical for correcting
the user’s problems, or it may be that several categories will always be treated the
same in a response, in which case a coarser representation is acceptable. The only way

to determine this is by more experimentation with actual response generators.






Chapter 5

Algorithms for Robust Plan

Recognition

Abstract: The traditional plan recognition problem of Chapter 8 can be
solved in a straightforward manner by a graph-searching algorithm such as
A*. A few simple extensions allow the algorithm to handle situations in
which the user has an incorrect plan. However, it turns out that recognizing
structural errors is computationally much more complex than recognizing
plans with simple constraint violations. This chapter presents three general
algorithms, starting with a direct adaptation of A* for recognizing correct

plans, and progressing to a more robust algorithm that also recognizes invalid

plans'.

5.1 Plan Recognition as Graph Searching

The plan recognition problem can be viewed as a particular application of the general
graph searching problem. The plan terminology can be mapped directly onto graph
terminology in the following way. As Figure 1.1 illustrated, the hierarchy of plans is
structured as a directed AND/OR graph, where plans are composed of subplans (AND
nodes) and where there can be alternate ways to execute a plan (OR nodes). The input
to the problem is this graph (the hierarchy), along with a set of marked nodes (steps
that the user has mentioned). The task is to search the graph for a path (explanation)

1Much of the material in this chapter has been published in [19].
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that extends from a root of the graph (the agent’s top-level goal) to a specific node
(the observed action), passing through all of the marked intermediate nodes.

Graph searching is quite common in Al but it usually takes a slightly different form.
Often, the graph that is searched does not consist of plan steps, but rather consists of
problem states. The graph is traversed by applying an operator that transforms one
state of the world into another. The object is to find a sequence of operators that
transforms the initial (current) state into the desired (goal) state. This formulation of
the search problem is used in classical problems such as the 8-puzzle and the “blocks
world” [75, Ch. 2-3], as well as much of the work in robot path planning [58, 59, 107],
and with slight adaptations can also be used in game-playing situations such as chess
[78]. However, if we abstract away from the problem just slightly, we notice that
the same nodes that are interpreted as state descriptions in a state space can also be
interpreted as plans in a plan hierarchy [26, Ch. 5]. The graph properties are exactly
the same, so it should be possible to apply the same graph methods to both problems.

The A* algorithm can be applied directly to the “Perfect Plan Recognition” problem
to find an optimal explanation for the agent’s query. But there are two modifications
that need to made in order to handle plan-based misconceptions in the “Robust Plan
Recognition” problem. Pathfinder is a particular implementation of this algorithm

which has been optimized to deal with misconceptions in a more efficient way.

5.2 PR-1: A* for Perfect Plan Recognition

The Perfect Plan Recognition problem, as discussed in Section 3.2, can be stated as

follows:

Given a closed world of correct plans, knowledge about the current and past
states of the world, and information about a queried step in a plan (possibly
described at multiple levels of abstraction), determine how this step relates to

the higher level plans and goals of the agent, assuming that the agent’s plans

do not contain any misconceplions.

The PR-1 algorithm presented here is a direct adaptation of the A* algorithm
[45, 101], as described by Pearl [81, p. 64 & Ch. 3.1], applied to the Perfect Plan
Recognition problem. One change that is necessary in order to adapt the normal version

of A* for perfect plan recognition is the input to the problem. While the original A*
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partial path
mentioned node

node

arc

Figure 5.1: A partial path in the plan hierarchy.

only had the start and destination nodes (the top-level goal and the actual queried
step) as input, we also have other known points along the path (the other steps that
the agent has mentioned). Since we know that the solution path must pass through
these points, we can change the basic search unit from a single node to a partial path
between two consecutive mentioned nodes, as shown in Figure 5.1.

The A* algorithm works by incrementally extending partial solution paths until one
of them reaches the destination node. It maintains two lists: an OPEN list, which holds
the partial paths that are being considered for expansion, and a CLOSED list, which
holds partial paths that have already been expanded and might be used in the solution
path. We start with a single partial path consisting of the start node, and place it on
the OPEN list. We then expand this partial path by generating all ways that it can be

extended to the first mentioned node (these new path segments are called “successors”
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of the original path).

For each of these successors, we verify every step in the new partial path by
checking to see that no constraints have been violated. For example, a precondition
for one of the steps may not hold in the current state of the world. If there are any
violations, we discard this path, since it could not be part of a correct plan (remember,
we are currently doing perfect plan recognition). Otherwise, if this partial path has
been verified successfully, we compute a heuristic function f. This function estimates
our confidence that this partial path will be part of the final answer. Each of the
verified successors is then added to the OPEN list. Then we remove the original path,
which has already been expanded, and place it on CLOSED, where we can retrieve it if
we need it for the final answer.

Finally, we go back to the OPEN list and choose the most likely partial path for
expansion, based on the heuristic function that is stored with the partial path. We
continue to repeat the entire process until we find a partial path that reaches a des-
tination node, in which case we have successfully recognized the agent’s plan, or until
we run out of partial paths to expand, in which case we have failed.

This algorithm is shown in Figure 5.2. There are several things to note here.
First of all, the algorithm is purposely ambiguous about the Expand procedure. The
successors of p can be generated in any way that is appropriate for the particular
domain. Some domains are structured in such a way that a special-purpose method
can be used to generate these successors; it may even be possible to precompute the
necessary partial paths. In other situations, the most reasonable approach might be to
call A* recursively with the next mentioned step as a destination.

Another deliberate ambiguity is in the choice of “start” and “destination”; it is
equally possible to proceed top-down, from the goal to the mentioned step, or bottom-
up, from the mentioned step to the goal. The choice of direction may be influenced by
the relative size of the forward and backward branching factor of the plan hierarchy. It
is most efficient to search in the direction with the smallest branching factor, since each
branch represents a point where the search may need to split. If the domain contains
very complex subplans, this signifies a high forward branching factor, and a bottom-up
approach might be more efficient. If there are certain very common actions that are
found in almost all plans, this signals a high backward branching factor, in which case

a top-down approach would make more sense.
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1. OPEN « start
CLOSED « .

2. If OPEN = {) then exit with failure.
3. Remove partial path p with optimal f(p) from OPEN and place on CLOSED.

4. If the endpoint of p is a destination node, exit with the complete path formed by
tracing the pointers back to start.

5. Otherwise, Expand(p):

5.1. Generate all successors of p (all partial paths from endpoint of p to the next
known node), with pointers back to p.

5.2. For each successor p’ of p, Verify(p'):
5.2.1. Check p' for violations.

5.2.2. If p' contains any violations, remove it.
5.2.3. Otherwise, estimate f(p') and add p’ to OPEN.

6. Go to step 2.

Figure 5.2: The PR-1 algorithm.
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Finally, the choice of a partial path with “optimal” f(p) does not distinguish
whether the heuristic function f should be maximized or minimized. In fact, the
algorithm doesn’t specify how to calculate f(p’) for the successors at all. The tradi-
tional A* algorithm defines a minimizing function f(p') = g(p') + h(n’). The function
g(p') is the earlier cost of expanding the path from the start node to p, plus the new
cost of extending p to p’. The function h(n') is an estimate of the cost of expanding p’
to a destination node. However, these requirements are not necessary to the algorithm
[10, 11, 33]. It is possible to define f to be either a minimizing function, where f
measures the cost of a path, or a maximizing function, where f measures the merit
of a path. It is also possible for ¢ and h to be multiplicative instead of additive. In
fact, there are only two strict requirements on the heuristic function. In order to guar-
antee an optimal answer, f(p') must be optimistic and monotonic. This means that
for a maximizing heuristic, f must always overestimate the merit and must be non-
increasing. And for a minimizing heuristic, f must always underestimate the cost and
must be non-decreasing. Chapter 6 will describe the details of a particular heuristic

function based on probapbilities.

5.3 Alternatives to A*

There are different search techniques, depending on the type of graph and the type of
desired solution. Normally, if the graph is treated as an AND/OR graph, A* is not
appropriate and it is necessary to use a different version known as AO*. But even
though the plan hierarchy is structured as an AND/OR graph, it is still appropriate to
use A¥* instead of AO*, because the searching process does not make any distinction
between the two types of nodes. During the construction of the solution path, it does
not make any difference whether a particular node is a substep or an alt; all that
matters is that the node lies on the path. So the plan hierarchy can be treated as a
normal OR graph, and the A* method is appropriate.

There are two popular alternatives to A* that are frequently used for searching.
One, iterative-deepening A* (IDA¥*), employs a space-time tradeoff to save memory
at the expense of reconstructing all nodes along a partial path at every iteration [57].
This is only effective when node evaluation is very cheap, which is not the case in plan
recognition. Sen [98] proposes a new method which combines the properties of A* and

IDA¥*; it is similar to A* unless there are memory restrictions, in which case it runs in
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a hybrid mode.

The other alternative is to relax the optimality requirements, and search for a
satisficing solution instead of an optimal solution [32, 33, 78]. This can produce a much
more efficient algorithm, but it is not appropriate for plan recognition. There may be
many satisficing plans that provide a consistent explanation for the user’s query but
are extremely unlikely. We need to be able to distinguish the most likely explanations
from the unreasonable explanations, so the ability of A* to give an optimal solution is

very important and cannot be abandoned.

5.4 Misconceptions and the Plan Recognition Process

Chapter 4 developed a classification of ten categories of plan-based misconceptions.
An algorithm for robust plan recognition must be able to handle all ten of these cases.
Based on how they affect the algorithm, it is convenient to regroup these misconcep-
tion types into two broad classifications: structural misconceptions and constraint
misconceptions. The structural misconceptions are substituted steps, missing steps,
and extra steps. Plans that contain structural misconceptions will be referred to as
ill-formed. The remaining seven misconception types (violated bindings, the four
precondition misconceptions, violated orderings, and violated optimization) are called
constraint misconceptions because they all involve constraints that are placed on the
plan. Plans that contain constraint misconceptions will be referred to as violated,
since this group encompasses all of the violated misconceptions. Plans which have no
misconceptions at all are called valid.

The crucial difference between structural and constraint misconceptions is how the
misconception is reflected in the plan hierarchy. For constraint misconceptions, the
connections between nodes in the graph are not affected. A path which has only
constraint misconceptions can still be located directly in the plan hierarchy. Paths
with structural misconceptions, on the other hand, do not exist in the correct plan
hierarchy at all. For example, representing an extra step involves adding a new arc to
the hierarchy. In order to recognize ill-formed plans, the actual topology of the graph
must be altered.

To illustrate this difference, let us once again consider the graduate student re-
questing a W2 form for his fellowship. In the case where the student has a general

fellowship, the correct plan for recording his information does involve performing a
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get-obj step, but he should be getting a 1099 form instead of a W2 form (an exam-
ple of a violated binding). This path can still be found in the correct plan hierarchy,
because there is an arc connecting the £ill-in-general-fellowship node and the
get-obj node, but this particular plan is violated because of the violated binding. On
the other hand, if the student has a Brown fellowship, there is no get-obj step at all
under £ill-in-brown-fellowship. If he really does believe that he is supposed to
get something for his Brown fellowship, this constitutes an extra step, and no amount
of searching in the correct hierarchy will find such a path. We would need to add an
extra arc in order to recognize this plan, which changes the structure of the hierarchy
and makes this an ill-formed plan.

There are two separate modifications to PR-1 that need to be made in order to
handle the two general classes of misconceptions. PR-2 handles constraint misconcep-

tions, and PR-3 extends this to handle structural cases as well.

5.5 PR-2: Allowing Violated Plans

PR-1 can be modified to deal with violated plans fairly easily by changing the Expand
procedure (Step 5). The key is that plans which only contain constraint misconceptions
will already be generated by PR-1, and will even be recognized as invalid in Step 5.2.
This verification process actually tests for the presence of all seven types of constraint
misconceptions. Bindings are checked to make sure that they are consistent with any
pre-stored values. Preconditions are verified to ensure that they hold in the current
state of the world. If the user mentioned any preconditions in his query, these are
checked to make sure that they actually are preconditions for the current plan. And
temporal constraints are checked as well.

The difficulty with PR-1 is that when a violation is encountered, the improper plan
is thrown out in Step 5.2.2. Once agents are allowed to have faulty plans, we can no
longer discard a path just because it has a violation, because it could still be the path
that the user is intending to take. So rather than throwing out a path when a constraint
misconception has been detected, we will instead add the successor path p’ to the OPEN
list whether or not it is part of a correct plan. In order to keep track of the fact that
we have discovered a misconception in the agent’s plan, we will add appropriate tags
to the path which document the misconceptions. These misconceptions are also taken

into account when calculating the heuristic function f. This gives us the ability to
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1. OPEN « start
CLOSED « (.

2. If OPEN = 0 then exit with failure.

[

. Remove partial path p with optimal f(p) from OPEN and place on CLOSED.

N

. If the endpoint of p is a destination node, exit with the complete path formed by
tracing the pointers back to start.

5. Otherwise, Expand(p):

5.1. Generate all successors of p (all partial paths from endpoint of p to the next
known node), with pointers back to p.

5.2. For each successor p’ of p, Verify(p):
5.2.1. Check p’ for violations.

5.2.2. If p’ contains any violations, add appropriate documentation to the
path.

5.2.3. Regardless of violations, estimate f(p') and add p’ to OPEN.

6. Go to step 2.

Figure 5.3: The PR-2 algorithm.

prefer plans with fewer (or less serious) misconceptions in the proper circumstances.
This modification produces the PR-2 algorithm, as shown in Figure 5.3. Changes
from the PR-1 algorithm are underlined.

5.6 PR-3: Allowing Ill-Formed Plans

Ni-formed plans are a bit trickier to handle. While violated plans were found by PR-1
and then discarded, plans with structural misconceptions were not even generated
by PR-1 in the first place. Since ill-formed plans do not exist in the correct plan
hierarchy, PR-1 will never search for them. So the method for generating successors
in Step 5.1 must be modified to include additional partial paths that do not exist in
the plan hierarchy. These paths could result from substituting one step for another,
or from adding a step to a path that does not contain it. They will involve changing
the structure of the plan hierarchy graph by adding or deleting nodes or arcs in order

to form new paths. But in order to keep the algorithm as general as possible, the
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[y

. OPEN <« start
CLOSED « .

[

. If OPEN = 0 then exit with failure.

[

. Remove partial path p with optimal f(p) from OPEN and place on CLOSED.

»

. If the endpoint of p is a destination node, exit with the complete path formed by
tracing the pointers back to start.

5. Otherwise, Expand(p):

5.1. Generate all successors of p (all partial paths from the endpoint of p to the
next known node, plus other ill-formed partial paths), with pointers back to
p. If a successor is ill-formed, add the appropriate error nodes to the path.

5.2. For each successor p’ of p, Verify(p):

5.2.1. Check p’ for violations.

5.2.2. If p’ contains any violations, add appropriate documentation to the
path.

5.2.3. Regardléss of violations, estimate f(p’) and add p’ to OPEN.

6. Go to step 2.

Figure 5.4: The PR-3 algorithm.

particular method of generating the ill-formed paths is left up to the implementation.

This results in the PR-3 algorithm in Figure 5.4. Constraint misconceptions are
handled exactly as in PR-2. New changes for dealing with structural misconceptions
are underlined. PR-3 is now able to handle perfect plan recognition as well as all ten
types of plan-based misconceptions discussed in Chapter 4. Therefore, PR-3 qualifies
as a “robust” plan recognition algorithm, since it can handle plan-based misconceptions

even if they are new and unanticipated.

5.7 Analysis

It is instructive to analyze each of the three plan recognition algorithms in terms of the

following properties:

e Admissibility: is the algorithm guaranteed to find the best solution? This can

actually be three separate questions, based on whether the user’s plan is valid,
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violated, or ill-formed. For example, an algorithm could be admissible for valid

plans but not for violated plans.

e Complexity: how long does the algorithm take to find the answer in the worst
case? Alternately, how many nodes of the graph does the algorithm expand before

finding the correct path?

Note that having an admissible algorithm is not the same as having an admissible
heuristic function. The only requirement in the latter case is that the heuristic is
optimistic and monotonic; it does not have any requirements for applying this heuristic
to all appropriate paths. An admissible algorithm must also guarantee that all of the
relevant paths will be considered. We will assume that all algorithms always use an
admissible heuristic function; the probabilistic heuristics that are actually used in the

implementation of the Pathfinder program are admissible.

The A* algorithm

Pearl has shown that if the heuristic function f is admissible, then A* is guaranteed
to find an optimal solution path if one exists [81, p. 86]. This admissibility result only
holds for valid plans, since A* does not even have a concept of invalid plans.

He has also shown that “a necessary and sufficient condition for maintaining poly-
nomial search complexity is that A* be guided by heuristics with logarithmic precision”
[81, p. 184]. The complexity here is measured by the number of expanded nodes rel-
ative to N, the length of the shortest path acceptable for the answer. For simplicity,
assume that this path will be roughly as long as the average depth of the graph (i.e.,
for the plan hierarchy, assume that the top-level goal is a generic plan and that the
mentioned step is an atomic action). This means that A* will be polynomial in the
depth of the plan hierarchy if and only if f(p) is logarithmically precise. In other words,
if ¢(f) describes the growth of the typical error in f(p), then ¢(N ) must grow no faster
than c(log N ) for arbitrary constant k£ to maintain polynomial complexity. This is a
very stringent demand on the precision of the estimation, and it requires choosing the
heuristic function carefully. But it still allows A* to be a polynomial algorithm under
proper circumstances.

As long as f is an admissible heuristic, it is possible to implement A* in such a

way that it will never visit a node more than once, irrespective of the precision of the
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heuristic. So for an upper bound, A* is guaranteed to be no worse than exponential in
the depth of the graph.

The PR-1 algorithm

PR-1 is a direct adaptation of A*; it generates and selects its nodes in the same manner
as A*, and it has the same requirement that the heuristic function is admissible. So
PR-1 is also admissible for correct plans.

The number of nodes expanded by PR-1 may actually be less than A*, since A*
does not have any explicit verification process. Although PR-1 and A* both generate
and select nodes in the same way, PR-1 has the additional step of pruning violated

nodes, which can reduce the final number of expanded nodes.

The PR-2 algorithm

The results for PR-2 are also encouraging. Recall that the change to produce PR-2
was that paths were not pruned even if they contained violations. The heuristic function
takes into account any violations that are detected, and as long as f is still required
to be overly optimistic, the answer is still guaranteed to be optimal. This admissibility
result now holds for both correct and violated plans. And since the original A* didn’t
prune violated paths in the first place (it didn’t even have any concept of violation), we
are not expanding any more paths than A*. Assuming that constraints can be checked

in an efficient manner, this means that PR-2 is no worse than A* in complexity.

The PR-3 algorithm

Unfortunately, the results for PR-3 are not as favorable. To produce this algorithm,
the successor function was modified to generate additional partial paths. These paths
do not even exist in the original plan hierarchy, so there is no way that A* would have
expanded them. But since the algorithm does not specify how these ill-formed paths
are generated, the Expand procedure could conceivably produce an exponential (or
even larger) number of additional paths at every iteration of the algorithm. And even
if the heuristic function is extremely precise, so that we will only expand a node if it
lies along the solution path, simply generating the ill-formed paths in the first place

may violate the polynomial runtime.
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PR-1 | PR-2 | PR-3
Admissible:
for valid plans 1 1 1
for violated plans No 1 1
for ill-formed plans No No 3
Complexity 2 2 3

1:  Admissible iff f(p) is optimistic.

2:  Polynomial iff f(p) is logarithmically precise.

3: Depends on both f(p) and the successor
function; possibly not admissible, probably
at least exponential.

Figure 5.5: Summary of the analysis.

We now have problems with the admissibility claim as well. As long as the heuristic
function is optimistic, we will still find the optimal path among those generated by the
successor function. So PR-3 is still admissible for valid and violated plans. But
Step 5.1, which generates the successors of a partial path, does not guarantee that
all of the relevant ill-formed paths are generated. The true optimal path may have
involved an ill-formed partial path that was never generated because the generation
method itself was incomplete. In fact, it may even be the case that a non-exhaustive
admissible successor function does not exist at all.

So the properties of PR-3 are strongly tied to the method by which the successor
function generates ill-formed partial paths. There appears to be a fundamental tradeoff
between efficiency and admissibility. If too many partial paths are generated, we lose all
hope of achieving a reasonable runtime. On the other hand, if we start restricting the
successor function, we run the risk of missing the optimal solution. In order to handle
ill-formed plans in a sensible manner, the successor function needs to be designed in
such a way as to minimize both the number of extraneous paths generated and the

chances of missing the actual path that the user chose.

Summary

The results of this analysis are summarized in Figure 5.5. This shows that the A*
algorithm can be directly applied to the basic plan recognition problem while keeping

its desirable properties of admissibility and the possibility of polynomial runtime. Two
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relatively minor modifications can extend the robustness by allowing the algorithm
to recognize situations in which the user has an incorrect plan. Violated plans are
those plans that are formed correctly but are inappropriate in the current situation
because of a mistake involving preconditions, bindings, temporal constraints, or opti-
mality. These are easy to handle, and an algorithm to identify them can still retain
the desirable properties of the A* algorithm. Ill-formed plans are those plans whose
structure is incorrectly formed, because of a substituted, missing, or extra step. There
is a fundamental difference between violated and ill-formed plans; identifying ill-formed
plans is inherently much more difficult, and we cannot guarantee admissibility of the
algorithm for this class of plans.

Two critical decisions in implementing the algorithm are the selection of a powerful
heuristic function and the selection of an appropriate successor function. The first
function is the means by which the search space is pruned, and the second function is the
means by which the original search space is expanded to include ill-formed paths. An
optimal heuristic function would guarantee that the minimum number of partial paths
will be selected for expansion, and an optimal generation function would guarantee
that the partial paths that are selected will generate a minimum number of successors.
If either function is too restrictive, the algorithm will no longer be admissible. If they

are too permissive, the algorithm becomes intractable.

5.8 The Pathfinder Program

The general algorithm for robust plan recognition presented in PR-3 has been imple-
mented in a program called Pathfinder. Pathfinder is designed to be a component of an
integrated natural language system, as described in Sectioﬁ 3.3. Its purpose is to act
as an interface between the semantic interpreter and an application program such as
a command executor or expert system. Rather than just blindly executing the user’s
commands or retrieving the information that the user requested, Pathfinder analyzes
the user’s goals and his command or query and attempts to determine if the request
the user is making is reasonable.

There were a number of design decisions that were purposely left ambiguous in the
presentation of PR-1, which need to be resolved in the Pathfinder program. One of
these ambiguities was the selection of the “start” and “destination” nodes. Usually,

this issue is decided based on the branching properties of the hierarchy. In the sample
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plan hierarchy that has been developed for Pathfinder, the average forward branching
factor was slightly higher than the backward branching factor. But there were a few
very common nodes that had backward branching factors that were twice as high as the
largest forward branching factor. So Pathfinder currently runs in a top-down fashion;
it starts with the user’s top-level goal and works toward a destination of the mentioned
step.

Another ambiguity in PR-1 was the method by which successors were generated.
In Pathfinder, well-formed successors are pre-computed and stored in a hash table
for efficiency purposes. Each node in the hierarchy has an entry in the hash table
which stores all possible partial paths from the root (generic plan) to the node. This
information can be used to extract paths between arbitrary nodes very quickly?. Ill-
formed successors (partial paths involving substituted or extra steps) are generated
separately, and will be described later.

Finally, the heuristics that are used to guide the search are implemented using
probabilities. For each path that is generated, Pathfinder calculates the probability
that the user would actually be following the corresponding plan, and also calculates
the probability that the user would actually have the misconceptions that the path
entails. This provides an accurate method of choosing among competing explanations
for ambiguous plans, as well as a means of measuring our confidence that we have
successfully recognized the user’s plan. The use of probabilities in Pathfinder will be
discussed in detail in Chapter 6.

5.8.1 The Basic Algorithm

The algorithm used in Pathfinder is basically an optimized version of PR-3. While
PR-3 can deal properly with incorrect plans, it does not always verify or expand partial
paths in an intelligent manner. It turns out that it is much more efficient to split the
Expand and Verify tasks into two separate procedures. In PR-1, it made sense
to verify partial paths as soon as they were generated, because violated paths were
immediately pruned off, reducing the search space. But now paths are kept whether or
not they contain any violations. Since the verification process may take up a significant
proportion of the time spent on each node, it would now make more sense to postpone

verification, and only do it on the partial paths that are likely to be included in the

2Pathfinder is also capable of storing these paths directly, rather than deriving them from the paths
to the root.



CHAPTER 5. ALGORITHMS FOR ROBUST PLAN RECOGNITION 84

final answer.

In order to separate these two processes, Pathfinder maintains a third list, called
the GENERATED list. Partial paths are placed on this list if they have been generated but
have not yet been verified. The evolution of a partial path progresses from GENERATED
(after it is created) to OPEN (after it is verified) to CLOSED (after it is expanded).

At any iteration of the algorithm, the most likely partial path can be selected from
either OPEN or GENERATED. If the current partial path is from OPEN, it is removed and
placed on CLOSED as before, but during the Expand procedure its generated successors
are placed on the GENERATED list without being verified. If the current partial path is
from GENERATED, it is verified and placed on the OPEN list without being expanded.
The Pathfinder algorithm is shown in Figure 5.6. As before, the changes from PR-3
are underlined. Although Step 2 (the failure condition) is still included, it will never
be used in the current implementation. Because of the way that the successor function
works, Pathfinder is always guaranteed to find some path to the queried step (in the
worst case, just a sequence of extra steps from the goal to the queried step).

One consequence of this new algorithm is that we have to estimate f(p) before
p has been verified (in order to choose the most likely unverified partial path from
GENERATED). Once p is selected to be verified, f(p) is recalculated to reflect any mis-
conceptions that have been found along the partial path. This involves evaluating f(p)
twice for any path that comes from the GENERATED list. So two properties have to hold
in order for this method to be feasible: the process of evaluating f(p) (at least the first
estimation of f(p)) should be inexpensive relative to verifying p itself, and the first
estimation should still be accurate. The first property guarantees that the overhead of
recalculation is justified for individual partial paths, and the second guarantees that it
is justified in the long run by reducing the number of paths that are verified. Both of
these properties hold for the probabilistic interpretation that is described in Chapter 6.

For the following discussion, assume that the user has given a “normal” query; i.e.
that he is not mentioning any preconditions or missing steps. These special types of

queries will be handled later.

5.8.2 Finding Constraint Misconceptions

Pathfinder generates partial paths between each pair of consecutive mentioned steps.

These partial paths are retrieved from the hash table associated with the plan hierarchy.
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1. GENERATED « §
OPEN — goal
CLOSED « 0.

2. If (OPEN = 0) and (GENERATED = ) then exit with failure.

3. Remove partial path p with optimal f(p) from either OPEN or GENERATED;
if p was from OPEN, place on CLOSED.

4. If p was from OPEN and the endpoint of p is the queried step, exit with the complete
path formed by tracing the pointers back to goal.

5. Otherwise, if p was from OPEN, Expand (p):

5.1. Generate all successors of p (all partial paths from the endpoint of p to
the next mentioned node, plus other ill-formed partial paths), with pointers
back to p. If a successor is ill-formed, add appropriate documentation to the
path.

5.2. For each successor p’ of p, estimate f(p') and add p’ to GENERATED.

6. Otherwise (p was from GENERATED), Verify(p):

6.1. Check p for violations.
6.2. If p contains any violations, add appropriate documentation to the path.
6.3. Regardless of violations, recalculate f(p) and add p to OPEN.

7. Go to step 2.

Figure 5.6: The Pathfinder algorithm.
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Bindings are then propagated through the partial path from the mentioned step so that
all steps receive the values that the user mentioned. As each partial path is constructed,

its nodes are checked for constraint misconceptions.

Violated Preconditions

First, the preconditions of each step are verified. This is done by proving that the
propositions specified by the preconditions hold in the current state of the world. If
preconditions are allowed to be arbitrarily complex, we would need the power (and
expense) of a full theorem prover to verify them. So to permit efficient verification,
Pathfinder only allows preconditions to be constructed in a few ways. A precondition
can be a simple proposition about the state of the world, which is checked by com-
paring the proposition to a database containing all relevant facts about the world. A
precondition can also be an equality statement or an isa statement about two objects.

And preconditions can be combined by using conjunction, disjunction, and negation.

Violated Orderings

In addition to checking the preconditions, temporal constraints are also verified. This
involves checking the partial orderings to make sure that all steps that must precede the
current step have actually been completed, and that no mutual exclusion constraints
have been violated. Since Pathfinder is building this path top-down, the orderings of
the ancestors have already been verified. The orderings within the subtrees of these
ancestor nodes don’t need to be checked because if there hasn’t been a violated ordering
at the current level, then the step must have already been done correctly, so there
couldn’t be any violated orderings in the subtree. Therefore, the only orderings that
need to be checked are the substeps of the parent of the current node. If the parent is
an alt node instead of a substep node, then Pathfinder checks the alt children of the
parent to verify that no mutual exclusion violations have occurred.

This is a relatively small number of nodes to check. They can be checked very
efficiently if we assume the presence of a table that lists all steps that have been
completed, along with their times of completion. There are certain problems with
building such a table: we can’t simply enter all observed or mentioned steps, since these
may be at various levels of abstraction, and certain combinations of steps may complete

higher-level plans. But it turns out that it is possible to combine the construction of
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this table with the plan recognition process with very little overhead. When Pathfinder
is called with a step that is known to have taken place (as opposed to a query about
a future step), it will mark that step as having occurred. During the reconstruction
of the path through the hierarchy, the ancestors can be checked to see if this step has
completed the higher-level plan. This will construct the full table of all completed
steps.

Violated Bindings

Parameters are also checked during this phase to make sure that they are bound cor-
rectly. Note that significant violated bindings only occur at mentioned steps; any other
violated bindings will just be “cascading” consequences of an earlier violation. This is
because the mentioned steps are the only points where the user is providing input; the
bindings at all other steps will be specified by the step’s parent, and so must be derived
either from a pre-stored (correct) value or from a failure at an upper-level mentioned
step which would have been detected earlier. Therefore, since mentioned steps only
occur at the endpoints of the partial paths, it is only necessary to check this endpoint.
The bindings are checked by comparing the parameters specified by the user with any
parameters that are preset in the parent’s stored plan. Any pairs that cannot be unified

are considered to be violated bindings.

Violated Optimization

Pathfinder does not currently check for optimization violations. This is because so
far no one has been able to find any way of doing it efficiently. By definition, finding
optimal or nearly optimal solutions to a problem requires planning capabilities. Since
this thesis is about plan recognition rather than planning, we will not worry about the
problem of judging whether the user’s plan is optimal.

A “complete” solution to this problem would involve embedding a full planning
module within the plan recognition system, which would generate all ways of achieving
the current goal. Then each of these completed plans would be run through a full
simulation system, which would simulate the execution of each plan in the current
state of the world. It would assign some measure of optimality to each of these results,
then simulate the user’s plan and compare that optimality measure to the best solution

that the planner generated. This is extremely expensive and complex, and it is certainly
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not something that belongs in a plan recognition module.

One possible alternative is to attach some sort of “canned” utility score to each
branch of an alt node, where the optimal path is the one with the highest utility. But
these scores appear to be highly context-dependent, which would preclude pre-storing
them directly in the plan hierarchy, and it may be quite difficult to generate them

automatically at runtime. This is still an area of future research.

5.8.3 Finding Ill-Formed Misconceptions

There is one situation where it is easy to realize that the user has an ill-formed plan.
This situation is signalled by the fact that no path can be found which connects two
mentioned steps in the user’s input. This means that the user claims there is a path
between two steps, but the correct plan hierarchy does not contain any such path. The
user must therefore have an error in the connections of his plan hierarchy, signifying
either a substituted step or an extra step.

Deciding whether the mentioned step should be replaced with something else or is
completely extraneous, however, seems to be a more challenging problem. Putting this
problem aside for the moment and assuming that the type of incorrect step has already
been identified3, it is fairly simple to handle each case individually.

As an example, assume that the user’s input is translated into a partial path of
a_)..-_)b_)..._)c_).-._*,d

(where a-is the top-level goal and d is the queried step), and assume that Pathfinder
has already expanded the path from a down to b. It will then continue by trying to
expand the path from b down to ¢. If Pathfinder cannot find any extension at all, it
means that there is something wrong with either b or ¢. There are four possibilities:
either b is an extra or substituted step, or ¢ is an extra or substituted step.

The first case is actually not possible after all; since we have already found a path
from a to b, we already know that b is a legitimate part of the plan for a, so it cannot be
an extra step. But it is possible that the user could have had ¢ as an extra step under
b. So assume that Pathfinder has identified ¢ as an extra step. Then an appropriate
error message will be inserted, and it will continue ahead, trying to expand the path

from ¢ down to d. The reason it continues expanding the path is that it may be able to

3See page 92.
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Figure 5.7: Pathfinder considers a possible substituted step.

find additional misconceptions in the segment from ¢ to d, which can then be pointed
out to the user.

Alternately, assume that b has been identified as a substituted step (the case with
¢ as a substituted step is handled analogously). In this case, rather than trying to
connect b to ¢, Pathfinder will ignore b (since it is an incorrect step), and will instead
try to find a different path to c¢. It will then throw away the original path from a to b,
and will insert an error message stating that instead of doing step b, the user should
have done the corresponding step in the new path. For example, the original hierarchy
might be structured as in Figure 5.7. There is no way to get from b to ¢, but there is a
way to get to ¢ by passing through z, and the user might have been confused between
b and z.

The selection of the appropriate new path is obviously important. Currently,
Pathfinder considers all “reasonable” substitutions for b, with “reasonable” being de-
fined by the heuristic function. It then retains only those paths that still pass through
a and ¢, since the user mentioned those steps and they must still be part of the path.
This method is not guaranteed to be admissible, since it might never consider the user’s
actual path. For instance, the user’s path might actually substitute & for another step
9, which then has ¢ as an extra step. But Pathfinder will only miss the user’s path

when the user has at least two incorrect mentioned steps in a row, in which case his
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plan is so seriously flawed that there is very little hope of correctly deciphering his

intentions anyway.

5.8.4 Multiple Possible Paths

This method of handling substituted steps is a bit too simplistic. There are occasions
where a substituted step should be proposed even when a path already exists in the
hierarchy.

Recall the original discussion of the graduate student example in Chapter 1. There
was one possible interpretation where the student was simply confused between W2

forms and 1099 forms. This corresponds to the path through
(do-taxes) — .-+ — (fill-in-fellowship £235) — ... — (get-obj form-w2)

with a violated binding on the last step. But there was also another explanation where
the student understood about the forms but was confused between fellowships and

wages. So it is also possible to construct a different path:
(do-taxes) — :-- — (fill-in-wages £235) — ... — (get-obj form-w2).

This path avoids the earlier violated binding, but now contains a substituted step
(substituting £ill-in-wages for fill-in-fellowship) and a violated precondition
(£235 is not a type of wages).

But if Pathfinder only proposes substituted steps when there is no connecting path
in the hierarchy, then it would never find the second explanation. Since the user is ca-
pable of having a substituted step anywhere in his plan, even if a separate connecting
path exists using his mentioned step, this argues that we should search for possible sub-
stituted steps at every possible location. In fact, Pathfinder currently does something
very similar to this. But unfortunately, this could get very expensive. So Pathfinder
can be configured to take a compromise position: it would only look for possible sub-
stituted steps when a misconception has already been found in the construction of the
expanded path. The motivation behind this is that once a misconception is found,
there is reason to suspect the current path. The user has obviously made a mistake by
this point; it may be that we were lucky enough to recognize it at the exact spot that
it was made, or it may be that the user already wandered off the correct path earlier

and this error is a signal that he’s on the wrong path.
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This example also illustrates the potential danger of ambiguous plans. There is
more than one possible explanation for the user’s mistake. But only one of them is
the real explanation, and it is very important to choose the correct one. A correct
answer for the first scenario would simply point out the fact that the user should get
a 1099 form, not a W2 form. But this answer would just add to the user’s confusion
in the second scenario; instead of correcting the problem, it might end up giving the
user another misconception, and now he might think that all wages are supposed to
get 1099 forms.

This can be taken care of by using the probabilities in Chapter 6 to select the most
likely explanation. But this also raises a new concern. The best-first search method that
Pathfinder uses must be guided by a monotonic heuristic function, and it is not obvious
that Pathfinder can provide such a function the way things are currently formulated.
Recall that substituted steps involve backtracking and “throwing away” certain steps
that have already been proposed. These steps may have had misconceptions associated
with them which lowered the probability, but since these steps are no longer part of
the path, the probability should no longer be influenced by the misconceptions. So the
total probability for the path may increase after a substituted step has been found,
which violates the monotonicity requirement.

It turns out that the heuristic scores can be used to guide a best-first search after
all, if the search space is viewed in a slightly different way. Consider again the example
input path of

a_)...__)b_)..._)c_)..._)d.

Rather than starting off by finding a connection between a and b, Pathfinder will start

off with two options:
¢ find a connection between a and b, or

e assume that b is an incorrect step (sort of a “red herring”) and find a connection

between a and c, ignoring b.

The second option will have a lower score, since it ignores a mentioned step when
we have no compelling reason to do so, so it will not be explored unless the score for
the first option becomes sufficiently low.

So Pathfinder will try to find a connection from a to b in the hierarchy. If it succeeds,

it will produce an expanded path with an associated score. If it fails, it will produce a
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degenerate path with b marked as an extra step. Either way, the result is a scored path;
depending on the number and severity of the misconceptions identified in this segment
of the path, the score may be higher or lower than the score for the “red herring” path.
Note that this eliminates the problem of distinguishing between extra and substituted
steps; the former are proposed as a last resort when no path can be found between two
steps, and the latter are proposed for every mentioned step (although they will rarely
be extended).

At this point, there are three options:

¢ find a connection between b and ¢,
e assume that ¢ is an incorrect step and try to connect b to d, ignoring ¢, or

e assume that b is an incorrect step and try to connect a to ¢ (the remaining option

from the previous iteration).

Again, only the most likely of these will be chosen. Note that there is no longer
any backtracking, so scores will remain monotonic. Whenever the old version would
have backtracked and skipped a step, the new version already has the skipped-step
alternative present as one of the “red herring” paths. It is true that in order to avoid
backtracking, Pathfinder has to add additional possible paths at all of the mentioned
nodes. But since it uses best-first search, these paths will never be explored unless
all of the already expanded paths are less likely, so in most cases there is a minimum

amount of additional work involved in adding these paths.

5.8.5 Improving the Efficiency of Ill-Formed Paths

Pathfinder can use two methods to overcome the inherent difficulty involved with ill-
formed paths. The first method is to restrict the number of additional paths by using
intelligent filtering in the successor function, such as the method for generating “rea-
sonable” substituted steps described above. Although this will violate the admissibility
property of the algorithm in theory, since not all possible successors are being gener-
ated, it is a highly reliable method in practice.

The other method is to exploit a property of the classification of plan-based miscon-
ceptions. Section 4.3.2 mentioned the possibility of a particular misconception being
classified in two different ways, depending on the structure of the plan hierarchy. The

most common ambiguity is between violated bindings and substituted steps. And it
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happens that substituted steps are structural misconceptions, which are difficult to
detect, while violated bindings are constraint misconceptions, which are much easier
to detect. So if it is possible to design the hierarchy in such a way as to minimize the
number of potential substituted steps, this can make the algorithm run more efficiently.

There is actually an entire spectrum of design possibilities. At one end of the
spectrum, there are no bindings at all. Each step that would normally have bindings
will be exploded into a different step for every possible combination of bindings. This
will cause former violated bindings to show up as substituted steps instead. At the
opposite end of the spectrum, all of the semantic significance of steps is transferred to
the bindings, so that steps themselves are rather generic with a very large number of
parameters. Now misconceptions that were previously substituted steps will show up
as violated bindings.

Both of these extremes are ridiculously impractical. But they do illustrate two
different trends that could be favored during the knowledge engineering process. In
order to maximize the efficiency of Pathfinder, the knowledge engineer should attempt
to minimize the number of similar steps in the hierarchy. If two steps that accomplish
essentially the same task can be combined by introducing an extra parameter, then this
should be preferred to keeping them distinct. This will cause the ambiguous miscon-
ceptions to tend toward the easier violated bindings instead of the harder substituted
steps, and will reduce the number of ill-formed paths that Pathfinder considers.

Remember also that just because Pathfinder generates a path does not mean that
the path will actually be explored. Assuming that the initial estimates of the proba-

bilities are reasonably accurate, only the most likely paths will be verified.

5.8.6 Special Cases: Mentioned Steps and Preconditions

There are three types of special queries that are handled by Pathfinder. The first type
is a mentioned precondition. Here, the user explicitly states that a precondition
is (or is not) required for a plan. Recall from Example 8 on page 55 that this is the
only way for an extra precondition to be detected. In this case, the last mentioned
step in the user’s query is actually a mentioned precondition, and the second-to-last
mentioned step is treated as the queried step. Once the search reaches the queried step,
Pathfinder checks to see if the mentioned precondition is required for the queried step.

It then decides whether this constitutes a misconception, based on the user’s claim and
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based on whether the precondition (or a suitably similar precondition) was found.

The second type of special query is a mentioned missing step. In this case,
the user explicitly says that a particular step is not part of the current plan. This is
treated similarly to a mentioned precondition. The second-to-last mentioned step is
treated as the queried step, and Pathfinder checks to see if the mentioned missing step
is a descendant of the queried step. If it is, then the user is missing a step in his plan.
Otherwise, no misconception has occurred.

The final type of special query is a mentioned sequence. Here, rather than having
a single queried step, the user is querying an entire sequence of steps. He is basically
describing the entire subplan for achieving a particular plan. Pathfinder currently
only handles one special case of this type of query, namely the case where the user is
listing all substeps of the last mentioned step. In this one case, Pathfinder retrieves the
known substeps of the last queried step, and compares this sequence with the user’s
version. If all steps match correctly, then there are no misconceptions. Otherwise, the
sequence is ill-formed and Pathfinder finds the closest match for each of the steps in
the user’s sequence. Imperfect matches are substituted steps; steps for which there are
no matches are extra steps; and any leftover steps in the correct sequence are missing
steps. Finally, any steps that are out of sequence signify violated orderings.

Handling general cases of mentioned sequences is more complex, since the steps that
the user is mentioning may fall at various levels in the hierarchy. This involves proving
that the user’s collection of steps comprise a complete plan for the last mentioned step.
It should be possible to handle this by adapting the method for constructing the table
of completed steps described on page 86, but this is not implemented in the current

version of Pathfinder.

5.9 A Demonstration

This section simulates the Pathfinder algorithm running on the query from Example 2:
“I'm trying to fill out my taxes. Where do | get the W2 form for my fellowship?”

It uses the hierarchy in Figure 5.8, which is adapted from Figure 1.1. The only change
is to shorten the hierarchy to focus on the interesting steps relevant to the query.
Although the actual program uses probabilities for the heuristics, this demonstration

just shows a relative ranking of the various alternatives to simplify matters.
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, 1099- 7
GET-OBJ s ENTER-INFO

Figure 5.8: A simplified hierarchy.
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Pathfinder is given a list of mentioned steps from the parser:
(do-taxes) — -+ — (fill-in-fellowship £235) — --- — (get-obj form-w2).

It starts out with the top-level goal of do-taxes and finds all ways to extend this to
fill-in-fellowship. In this particular hierarchy, there is only one path that connects

the two mentioned steps:
|| do-taxes — fellowship.

The parallel lines show how much of the path has been verified so far (currently none).
At the same time, it also finds possible substituted steps for fill-in-fellowship that
would lie along a legitimate path. In this case, there are two reasonable substitutions
for filling in fellowship information: fill-in-wages (because fellowships are similar to
certain types of wages) and £ill-in-exempt-income (because fellowships were exempt
at one time). But there is no path connecting fill-in-exempt-income with get-obj,
so this path is discarded. The rationality is that such a path would need at least two
substituted steps in a row, or a substituted step immediately followed by an extra step,
which is very unlikely. So Pathfinder does not propose such paths in the first place, to
save time.

Substituting fill-in-wages and fill-in-fellowship is acceptable, since there
is a path from do-taxes through fill-in-wages to get-obj. So we now have two
partial paths:

| do-taxes — fellowship
|| do-taxes — wages/fell — get-obj.

The path for filling in fellowship information is obviously preferred at this point,
since the only other option proposes a substituted step when we have no particular
evidence for it. So Pathfinder will choose the first path and will verify all of the steps
along it. There are no violated misconceptions in any of the steps, so this path is still
preferred to the path with fill-in-wages.

Now Pathfinder expands fill-in-fellowship down to get-obj. There is only one
way to do this in the hierarchy, by passing through fill-in-general-fellowship.
Since this is a very likely path, and since we still have not encountered any misconcep-
tions along this path, Pathfinder will still prefer it to the explanation with a substituted

step. So we have:

do-taxes — fellowship ||— general — get-obj
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|| do-taxes — wages/fell — get-obj.

Since we still have not encountered any misconceptions, this path is still preferred to
the one with £ill-in-wages. So Pathfinder will verify the rest of this path. Now it en-
counters a misconception: since the student’s fellowship is from Brown University and is
not a general fellowship, there is a precondition in the fill-in-general-fellowship
plan that does not hold. The most likely explanation here is that the student was not
aware that Brown fellowships didn’t apply here, so this shows up as a missing precondi-
tion. There is also a violated binding on the form that he is supposed to get; the student
mentioned a W2 form, but the correct binding under fill-in-general-fellowshipis
a 1099 form. This lowers the likelihood of this path, and since it involves a misconcep-
tion, Pathfinder tries to find another possible path connecting £ill-in-fellowship
and get-obj that avoids this misconception. There is another possibility; the user
might be trying to go through fill-in-brown-fellowship, which would avoid the
misconceptions, but which would require an extra step. Assuming that the missing

precondition explanation is still preferred, this gives:
do-taxes — fellowship — general* — get-obj* ||

do-taxes — fellowship ||— brown — get-obj+
|| do-taxes — wages/fell — get-obj.

The violated binding and missing precondition are marked with a “¥”, and the extra
step is marked with a “+”.

When Pathfinder is actually run on this example, it does in fact prefer the expla-
nation that passes through £ill-in-general-fellowship. It postulates that the user
is missing the precondition about fellowship types, and that he has a violated binding
on the form that he is supposed to get. This explanation is only slightly preferred over
the other two, so the response generator would probably want to phrase the response
in such a way as to correct all three possible misconceptions?.

The results of this simulation are summarized in Figure 5.9.

“The current probabilities that are assigned to the three explanations are 0.48 for the missing
precondition and violated binding explanation, 0.41 for the extra step explanation, and 0.11 for the
substituted step explanation.
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Figure 5.9: Simulation of Pathfinder on the fellowship example.
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5.10 Runtime Analysis of Pathfinder

This section provides a best-case and worst-case analysis of the Pathfinder program.
The analyses of the three other algorithms in Section 5.7 measured the total num-
ber of nodes expanded. But since the expansion process is broken into two pieces in
Pathfinder, and since the Verify procedure is more costly than generating the succes-
sors, we will measure the performance of Pathfinder by the total number of nodes that

are verified by the algorithm. The following notation is used:

G = graph (plan hierarchy)

T = tree corresponding to G with duplication of nodes
m = number of mentioned nodes (not counting the root)
n; = mentioned node in G (and in T)

b = backward branching factor (ambiguity) of G

f = forward branching factor of G (and of T')

d = depth of G (and of T).

The analysis can be made much simpler with the following assumptions:

There is one unique root, ng.

The search starts at ng.

The queried step n,, is at a leaf.

All leaves are at the same depth (namely, d).
e The branching factors b and f are constant for the entire graph.
¢ Mentioned nodes are evenly spaced along the path (at a distance of d/m).

In the typical graph searching problems, all important attributes are located at the
nodes of the graph. The only values that might be found on the arcs are weights that
are used by the heuristic function. In contrast, the plan hierarchy also has attribute
information stored on the arcs. For example, binding constraints for a step need to
be stored on the arcs because this information may change depending on which plan
invokes the step. So instead of performing the analysis on the graph G, it makes more
sense to refer to the tree T, which is formed from G by making a separate copy of

a node for every incoming arc. This increases the number of nodes, and reduces the
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backward branching factor b to 1. But it does not affect the forward branching factor
f, nor does it affect the depth d.

5.10.1 Worst-Case Analysis of Pathfinder

In the type of plan recognition that Pathfinder does, the search is constrained to pass
through each mentioned node. This is very helpful because the search problem can
now be decomposed in such a way that an optimal solution to the entire problem can
be constructed from optimal solutions to the subproblems. In other words, the optimal
path from the root to n,, is constructed from optimal subpaths between each of the
consecutive mentioned nodes.

For the moment, assume that there are no ill-formed misconceptions; all mentioned
steps can be found along a path that already exists in the hierarchy. Since Pathfinder
has all of the partial paths pre-computed in a hash table, it can construct all well-formed
paths between two consecutive mentioned steps directly without actually visiting any
of the nodes. It will only visit a node during the verification process, and this is done
when a partial path is selected by the Verify procedure.

In the worst case, all partial paths between n; and n;;, will be verified before any
are extended to n;y2. Then all will be extended to n;42, and all of these new extensions
will be verified, until one of the extensions finally reaches n,, (the queried step). It may
be the very last extension that we verify that ends up being the optimal one, so even
at the bottom level we may need to visit all of the nodes in all of the partial paths.

Each partial path contains % + 1 nodes. But except for the very first path, the
root of each partial path will have already been verified on the previous iteration, so
it doesn’t need to be verified again. This gives % nodes that need to be verified along
each partial path. There are f - partial paths of length % starting at n;, so since each
partial path is verified separately, an upper bound on the number of verified nodes
between n; and n;y, is %( f ':?) This upper bound is only realized in the degenerate
case where every partial path out of n; passes through n;4;.

Note that the combinatorial explosion is completely contained in the subtrees. No
matter how many paths there are between two mentioned steps, only one of them (the
one judged to be the most optimal) will be expanded, and it will be connected to
the optimal path between the next two mentioned steps. So the worst case total cost

for Pathfinder (not including ill-formed paths) is simply the number of nodes verified
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between consecutive mentioned steps, times the number of mentioned steps (m), or

a4

verified nodes. The leading 1 is the cost of visiting the root of T.

This makes sense, since when m = 1 (only the queried step is mentioned) this gives
1+ d(f%) expanded nodes. This corresponds to a complete traversal of every path in
the tree from the root to the leaves. And when m = d (every step except the root is
mentioned), this gives a worst case of 1 + fd expanded nodes. This can be interpreted
that at every level of the tree, we will select one node, generate all children of that
node, and move to the next level.

Now let us consider the possibility of ill-formed paths. Missing steps are only
detectable in special cases at the queried step n,,, and they take no more time than
searching for a correct queried step in the worst case. Extra steps are much cheaper
than correct steps; since there is no partial path associated with an extra step, the only
node that needs to be verified is the step itself. So they will not occur in a worst-case
scenario, and the only additional possibility that we need to conmsider is the case of
substituted steps.

Recall that substituted steps are proposed by finding appropriate substitutions for
n; and making sure that those substitutions lie along a path from n;_; to n;4;. In the
worst case, every possible path from n;_; to n;4; that does not go through =, itself can
contain a suitable substitution. So the only paths that will not be generated during
the search for substitutions are the ones that contain n;, which will already have been
generated during the well-formed phase. This means that we are effectively doubling
the length of the partial paths; at each mentioned step n;_; instead of finding all partial
paths to n;, we will find all partial paths to n;1; whether they pass through =; or not.

This gives a total of

1+2d ( %)
nodes that Pathfinder will have to verify in the worst case, including ill-formed paths.

Note that this upper bound will never be reached in practice. It involves degenerate
trees where all leaves are the same, it requires that the heuristic function provide no
information at all about alternative paths, and it requires that all substituted steps
are equally likely. The number of partial paths between two mentioned steps will be

much smaller in any realistic hierarchy, and as long as the heuristic function tells us
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anything useful, many of the paths will never be verified (or even fully extended) in
the first place.

It is obvious from this worst case analysis that the mentioned steps play a critical
role in the efficiency of Pathfinder. The additional information provided by these
mentioned steps is used to constrain the exponential search to isolated partitions of the
hierarchy. As m increases and more steps are mentioned, the exponent of the formula
decreases, resulting in fewer expanded nodes. As a comparison, the traditional A¥*
algorithm does not make use of any intermediate nodes at all. So in the worst case it

will verify every node in the tree T, giving a complexity of

41
f-1
verified nodes. So as long as m > 2, Pathfinder will do just as well as A* in the worst
case, and will be able to recognize invalid plans that A* cannot handle. Pathfinder’s
advantage comes from the fact that it can make use of the additional information
supplied by the mentioned steps to constrain the search space. The more steps that

are mentioned, the better Pathfinder does.

5.10.2 Best-Case Analysis of Pathfinder

In the best case, Pathfinder’s heuristic will have perfect knowledge and it will only verify
nodes that lie along the final path. Also, in the best case there will be no appropriate
steps that can be substituted for anything along the final path, so ill-formed paths can
be ignored. So between n; and n;y; we will only verify the one partial path that will
form the final answer; then we will find all extensions to n;;o but again will only verify
steps along one of the paths. Note that in the ideal case we do not need to visit any
nodes to select the optimal partial path, since an initial estimate of the heuristic can
be pre-computed and stored in the hash table along with the path itself. If this initial
estimate is perfectly accurate, its value will not decrease during verification, so the first
path that Pathfinder selects to verify will remain the optimal choice. So including the
root node, this gives us
1+d

verified nodes for the best case complexity of Pathfinder.



CHAPTER 5. ALGORITHMS FOR ROBUST PLAN RECOGNITION 103

5.11 Performance of Pathfinder

Currently, of the 79 original examples of plan-based misconceptions in the transcripts,
Pathfinder has been run on 39. It has also been run on 19 variations on these examples
(for instance, changing certain facts about the world, or changing the query slightly),
for a total of 58 examples.

There are several reasons for not attempting all of the examples. Since Pathfinder
cannot handle violated optimization at present, there was no point in trying any of the
13 examples which only involved optimization. Also, since the current implementation
does not do any detailed reasoning about the add/delete lists, there were 3 examples
involving misconceptions about atomic actions that were not attempted. There were
also the three examples in Section 4.3.3 that did not fit the classification in the first
place, as well as the very confusing case of violated bindings in Example 4.

This still leaves 20 examples unaccounted for. There were two primary reasons for
not including these. One is that the knowledge representation used in Pathfinder is
not rich enough to capture all of the details in the dialogues, which made it impossible
to represent some critical information. The other reason was simply a matter of time.
Designing a plan hierarchy properly is a tedious task, since there is a large amount
of information that needs to be encoded in the plans and world knowledge for each
individual topic. It was only profitable to encode all of the necessary information if

there were several related examples that could use the same information.

Accuracy Results

Pathfinder performed remarkably well on the 58 examples that it attempted. In 46
cases (79% of the examples), it returned interpretations that are indistinguishable
from what a human observer would conclude. When the answer was unambiguous,
Pathfinder returned the correct answer. And when there were multiple reasonable
interpretations, it returned exactly the interpretations that a human observer would,
and assigned very believable probabilities to the possible plans.

In 7 additional cases (12% of the examples), Pathfinder also came up with certain
highly unlikely possibilities that a person might never have considered in the first place.
But it still assigned reasonable probabilities to them (on the order of 103 to 1071°).

So these 7 cases should also be judged “successful”.
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There were 4 examples (7%) where Pathfinder did not assign reasonable probabili-
ties to all of the possibilities. For instance, Example 17 (repeated here as Example 22)
has an interpretation that the expert has a missing precondition about “safe mode 2”,
Pathfinder correctly prefers this explanation, with probability 0.76. But it also suggests
another explanation: that the expert still has this missing precondition, but is actually
trying to close the macro instead of opening it, and has a violated binding (using the
wrong key) and a violated ordering (trying to close the macro before he opens it). The
violated ordering is not penalized strongly enough, so this explanation is considered
more likely than it actually should be.

[E] Let’s now define a KBD macro. For this one, start at the top of the
file. Now, open (or “start remembering”) the macro by typing AX

(...

[U] AX( “is not allowed in safe mode 2".
[E] Oh, ... my mistake. Most sorry.

Example 22: Pathfinder does not assign reasonable probabilities.

It should be noted that in all 4 of these examples, Pathfinder still correctly prefers
the explanation that people find most plausible. It just doesn’t assign completely
believable numbers to the various possibilities. This is primarily because the methods
for calculating the probabilities of misconceptions, which will be discussed in Chapter 6,
are only partially implemented.

The only example where Pathfinder came up with the wrong explanation is Exam-
ple 23. It correctly catches the violated binding in the user’s second question (using
esc-W instead of esc-M). But it misses the extra step of setting the mark for a second
time. This is because Pathfinder’s temporal reasoning is rather weak. It prefers to
think that there are two completely separate define-region events happening, which
require two set-mark steps, rather than the normal interpretation that there is only one
define-region event which has an extra step. Stronger temporal reasoning abilities
will correct this problem.

So in all but one of the cases (98% of the examples), Pathfinder correctly selects the
best explanation for the user’s plan. It should be noted that Pathfinder achieved this
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[E] In EMACS you can define what is called a “REGION”.... What you
do is move the cursor to the beginning or the end of the block, type
esc-M, and move [to the other end].... OK?

[U] ... beginning of Region How ?

[E] Type esc-M.... Now end of region. You move the cursor down to
the end of the region. OK?

[U] That’s fine, how do | mark, esc-W ?

[E] No, you don’t have to mark the end of the region. Only one extreme
needs to be marked with the esc-M.

Example 23: Pathfinder misses the Extra Step.

performance using only partially implemented heuristic information; once the remain-
ing heuristic features are added to the program, the probabilities should improve even
more. This is an extremely strong argument in favor of probabilistic plan recognition.
It is also clear that this is not just a “blocks-world” program; Pathfinder achieved this
accuracy while running on 58 real-world problems from several different domains.
This is admittedly not the best experimental methodology. In the ideal case, the
classification and program should have been developed using one set of examples, and
tested on a separate set. Unfortunately, we did not have a large enough sample set
to do this (even though our set of examples is an order of magnitude larger than
any previously collected). Therefore, in order to test both the classification and the
program on a sufficient number of cases, roughly 50% of the examples were used during
the development of the program itself, and the remainder were used to develop the
probabilistic results. In approximately 30% of the cases, it was necessary to adjust the
probabilities slightly to match the preferences that human experts have. The other
70% of the examples already had the correct preferences, and their probabilities did

not need to be tailored.

Time Results

In addition to being highly accurate, the Pathfinder program also suggests that ro-
bust plan recognition can be automated in an efficient manner with current technol-

ogy. Although the worst-case analysis of Pathfinder in Section 5.10 is alarmingly high,
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Pathfinder does not even come close to this upper bound in real life.

For these benchmark results, Pathfinder was run on a Sun SparcStation with 16
megabytes of memory, using compiled (but non-optimized) lisp code. It used a non-
trivial plan hierarchy consisting of all the plans necessary for the 58 running examples.
The graph for this hierarchy contains 157 unique nodes. The depth of this graph is 11
nodes, and it has a maximum forward branching factor of 10 and a maximum backward
branching factor of 19.

All 58 examples were run completely, generating all possible interpretations rather
than stopping as soon as the most likely explanation was reached. 80% of the examples
ran in less than 1.0 second, and every example except one ran in under 2.0 seconds®.
Many of these examples were multiply ambiguous; one generated 12 different interpre-
tations (6 of which were given probabilities lower than 0.01) and still ran in only 1
second. When Pathfinder was rerun, stopping as soon as it generated the most likely

path, most of the examples ran at least two to three times faster.

5The one example that took longer than 2 seconds was Example 23, which tock 4.3 seconds.



Chapter 6

Probabilities as Heuristics

Abstract: The heuristic function used to guide the best-first search in
Chapter 5 can be implemented using probabilities. A probabilistic interpre-
tation can be given for the perfect plan recognition problem from Chapter 3,
but it needs to be modified to deal with plan-based misconceptions. The
probabilities in this interpretation can be simplified in practice so that they
only require a manageable set of numbers, which can be organized to form

a model of the user.

6.1 Introduction

Chapter 5 presented a series of algorithms for doing plan recognition based on the A¥*
algorithm, culminating in the Pathfinder program. What was lacking in these methods
was a clear specification of the evaluation function that can be used to guide the search.
A probabilistic interpretation of plan recognition can provide a well-defined method for
measuring the likelihood of competing explanations.

The basic idea is that the search heuristic uses the probability that the current
path is the actual path that the agent is following. This heuristic is comprised of the
probability of the agent selecting each step along the path, along with the probability
of his having all of the misconceptions that have been proposed along the path. The
numbers that make up this heuristic are readily available from information about the
world and the user, and the heuristic can be calculated incrementally, using the prob-
ability of the partial path constructed so far as an overly optimistic estimate of the

probability of the final complete path.

107
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Section 6.2 develops this interpretation, starting with a probabilistic interpretation
of perfect plan recognition and extending it to handle plan-based misconceptions. Sec-
tion 6.3 shows how this interpretation can be simplified in practice, and describes a
method for calculating the probability of a misconception by decomposing the prob-
ability into a set of features. Section 6.4 shows that we are justified in using these
probabilities as a search heuristic. Section 6.5 discusses the actual calculations that
Pathfinder performs for computing misconception scores. Finally, Section 6.6 suggests
that the numbers that Pathfinder uses are reasonable to get in real life, and that it

makes sense to organize these numbers in a user model.

6.2 A Probabilistic Interpretation of Plan Recognition

The plan recognition problem, as presented in Chapter 3, consists of finding the most
likely vertical path through the plan hierarchy that accounts for all of the steps that the
agent has mentioned. A probabilistic approach seems to be the obvious choice, since
intuitively we want to choose the most “probable” path. Probabilities are also desirable
because their properties are well-understood and because they have the potential for
incremental monotonic updating, which makes them suitable for use in a best-first
search.

This section starts off with a probabilistic interpretation of the Perfect Plan Recog-
nition Problem, which is then generalized to cover flawed plans as well. It makes several
assumptions, which are summarized along with the major results in Section 6.2.4. The

following notation is used:

o lowercase letters (z, y, etc.) represent arbitrary nodes in the graph (or plans
in the plan hierarchy). One node, r, is distinguished as the unique root of the

hierarchy.
e M = set of mentioned nodes.
o S = set of all substep (AND) nodes.
o A = set of all alt (OR) nodes.
o W = state of the world.

e Ty = arc from z to y. This arc has an attribute Pr(Z7), as defined below.
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e rlz] = some member of the set of paths which start at 7 and pass through z.
Similarly, 1'l=m is some member of the set of paths which start at r and end at
z. We will use the convention that if the symbol “)” is used more than once
in the same equation, it refers to the same subpath in each occurrence. If it is

subscripted, as in “};”, then each subscript denotes a unique subpath.

° nodes(rl=:c) = the set of all nodes along the path 1'1—_5

6.2.1 Perfect Plan Recognition

Using this notation, the Perfect Plan Recognition Problem can be restated as finding
the shortest valid path rlz which maximizes Pr(ﬁ | W, M) and contains all of the
stepsin M (i.e., M C nodes(ﬁ)). Intuitively, we want the shortest path because there
is no point in speculating about details that the agent did not include in his query.

It is possible to assign probabilities to the arcs of the plan hierarchy which measure
the likelihood that an agent will choose a particular plan. The value stored on an arc
Z7 from node z to node y is Pr(y | z, W), also written Pr(Z7), which is the probability
that the agent will select plan y given that he has already selected its parent z. This
value takes into account all information about the state of the world W, but does not
take into account the fact that the agent may have mentioned certain steps!. If 7y is
not part of a valid plan, then its value is 0. Otherwise, there are two cases. If y is a
substep of 2, this probability must be 1, since all substeps are required to be executed if
the parent is chosen. But if y is an alt of z, then the probability measures the likelihood
of y relative to the other possible ways to achieve z. This is consistent with the normal
probabilistic interpretation of AND/OR graphs, where the product of the children of
an AND node must be 1, and where the sum of the children of an OR node must be 1.

The probability that the user has selected a path mis defined to be the probability
that he has selected all of the steps that make up that path:

Pr(rizy) & Pr(r,...,z,).

To calculate the probability of a path, we need to make an independence assump-
tion: once the parent of a step is fixed, knowledge about earlier ancestors does not

affect the probability of selecting the step.

‘For the moment, ignore the fact that these values are not generally available. This will be addressed
in Section 6.3.1.
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Assumption Al: If z is an ancestor of y and y is the parent of z, and if
z, y and z all lie along a valid path, then

Pr(z]z,y,Q,W)="Pr(z | y,Q,W) for any other steps Q.

This assumption is related to the Markov property described in {34, p. 372]. Here, @
includes any information we might know about other steps in the path (for instance, it
would include any steps that the agent has mentioned).

We can now calculate the probability of the user choosing a particular path through
the hierarchy recursively from the probabilities of its component arcs: the probability
is simply equal to the product of the conditional probabilities of each step along the
path:

Pr(rizy | W) = Pr(riz | W) - Pr(Z7).

Proof:

Pr(ﬁ] W) =Pr(r,...,z,y| W) by definition
=Pr(r,...,z |W)-Pr(y|r,...,2,W) by chain rule [82, p. 31]
=Pr(r,...,z | W) -Pr(y |z, W) by Al
= Pr(rl=:v | W)-Pr(y |z, W) by definition
= Pr(r_z_—:5| W) - Pr(zy) by definition.

a

We will now extend these results to account for mentioned steps. The predicate
“explains” takes a path, a state of the world, and a set of mentioned steps, and is true
exactly when the path provides a minimal-length valid explanation for the mentioned
steps. Specifically, it is true exactly when the path is valid, contains all of the mentioned
steps, and is as short as possible (i.e., the most specific step in the path is the most

specific mentioned step):

Vz e nodes(rl=a:) : the constraints of z hold in W
explains(riz, W, M) & Mc nodes(rl=:5)
reEM.

In order to guarantee that the path truly is as short as possible, we need to assume
that the plan hierarchy is acyclic; a step cannot be defined in terms of itself (even if it
uses different bindings). In other words, a step cannot have an ancestor (or descendant)

of the same name.
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Assumption A2: The plan hierarchy is acyclic.

The reason for requiring a minimal path is that we are interested in the most general
path that contains the mentioned steps. We do not want to speculate about possible
specializations of the plan if the user does not mention anything more specific, since
this could only serve to lower the confidence in the path.

Since an “explanatory” path must contain all of the mentioned steps M and must
also have a minimal length, a corollary of this definition is that if a path “explains” the

mentioned steps, then no subset or extension of the path will qualify as explanatory:
explains(rlzy, W, M) — ﬂexplains(ﬂ—_;, W, M) A Yz :-explains(rlzyz, W, M).

We need two more assumptions: one guarantees that the minimal explanations
cover all possible situations, and one says that the relative probability of explanatory

paths does not actually have to be conditioned on the mentioned steps.

Assumption A3: The probabilities of all minimal explanations of M in

W are required to sum to 1:

ZPY(T=U| W,M): expla.ins(r=11-, W,M) = 1.

Assumption A4: The relative probability of two paths that each explain
M is independent of whether M is actually mentioned. Specifically, if 71,z

and 7)oy are each valid minimal explanations of M in W, then

Pr(rlyz | W, M) _ Pr(riyz | W)
Pr(rizy | W, M)  Pr(rlgy | W)

It is important to realize that Assumption A4 does not hold for the partial paths:
if explains(rlyvl2z, M, W) and explains(rlzwlsz, M, W), then it is not necessarily true

Pr(rlyv | W,M)  Pr(rliv | W)

Pr(risw | W, M) - Pr(risw | W)

This is because knowing that & must be part of the path might increase or decrease the

probability of passing through v. For example, if we have the simple hierarchy shown

in Figure 6.1, and if M = {z}, then we have:
Pr(7v | W,M) (o.e*o.gis)*f(gh*o.gg)

— - .4x%0.
Pr(7w | W, M) (0.6*0.(())14)+(g?4*0-99)

= 0.015
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0.6 0.4

0.99 01 0.99 0.01

Figure 6.1: Knowledge of z affects the relative probability of 7.

But: _
Pr(rv | W,M) _ 0.6 _
Pr(7w | W,M) ~ 0.4

So Assumption A4 only holds for the explanatory paths, which are not subject to this

1.5

“extra” information because they already contain all of the mentioned steps.
We can now show that
Pr(rlz | W)
Z Pr(;'——l:- | W) : explains(r1;, W, M)

Pr(riz | W, M) = if explains (r{z, W, M).

Proof: assume that explajns(m=z | W, M).

Pr(rlz | W, M)

1- ZPr(r=11| W,M): expla,ins(;'_:li, W, M), T # Tz by A3

= 1+ Pi(riz | W, M)
- Z Pr(;'_:I.,- | W, M) : explains(rzu, W, M)

= 1+ Pi(riz| W, M)

_ ZPr(ﬁ | W, M)-Pr(r1; | W)
T Pz | W)

1+ Pr(riz | W, M)

Pr(rlz | W, M) — =
— ———"% Pr(rl; | W) : explains(r;, W, M).
Pr(riz | W) 2 (1) (

: expla,ins(r=1.,~, W, M) by A4
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After simplification,

Pr(riz | W)

Pr(riz | W, M) = — —
> Pr(rl; | W) : explains(rl;, W, M)

if explains (;l;;, W,M). O

Thus, we can ignore the effects of mentioned steps during the calculation of a path,
and just normalize over all “explanatory” paths at the end. This is exactly the result
we need for the Perfect Plan Recognition Problem, which asks for the path 71z that

maximizes Pr(rl—_—a; | W, M) and satisfies the constraint “expla,ins(;';l—:_v—, W,M)”.

6.2.2 Violated Plan Recognition

This view of probabilities works fine if the agent always has correct plans. But it
does not account for the cases where the agent’s plan is lawed. If we take exactly the
same interpretation as in perfect plan recognition, then the probability of an arc %7 is
the probability of the agent selecting this particular step y, given that he has already
selected its parent z, and given that the agent has no misconceptions about y. Instead,
to handle violated plans, Z7 is now interpreted to be the probability of selecting y given
z, regardless of any violated misconceptions at .

Unfortunately, there are an infinite number of potential misconceptions that could
occur at y. To see this, we only need to consider a single violated binding; the agent
could conceivably replace the correct binding with any value at all. Also, since it is pos-
sible to have multiple misconceptions at a single node, we need to consider all possible
combinations of the misconceptions that could occur at y. There may be several ways
to explain the agent’s mistake, using different combinations of misconceptions. And
because some of these explanations may be more likely than others, the misconceptions
somehow have to be reflected in the hierarchy in order to facilitate selecting the most
probable path.

This is done by changing the interpretation of a node. Each node in the original
hierarchy is replaced by a subgraph containing an infinite number of “interior” nodes.
For each node y in the original hierarchy, there is now one interior node for every
possible combination of misconceptions that could occur at y. These interior nodes
will be designated using subscripts. ¥; is distinguished as the interior node which
corresponds to step y with no misconceptions at all. Some node y; might correspond

to the case where the agent has misconceptions ¢ and b, but not misconception ¢. All
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X
l b
y (dummy)
x
P 5 Pi
yl(perfect) Yi (errs)
y
1 1
y (orig)
Figure 6.2: The transformation of Zy for violated misconceptions.
fill-in-fellowship
get-obj (dummy)
get 1099 (correct) get 1099, violated precondition get W2 etc.
get-obj (orig)

Figure 6.3: An example of a specific transformation for violated misconceptions.

of these new nodes are joined as children of a single OR node yo (which retains the
original connection to z), and the relative probabilities of the new children are stored
on the arcs. They also all feed into the “original” y node with single substep arcs having
probabilities of 1. This is shown in Figure 6.2, with a specific example illustrated in
Figure 6.3.

This transformation of nodes changes the method for calculating the probability of
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a step given its parent. The original probability of y given z is now stored on the arc
Tyo, but it is no longer certain that y is a correct plan (i.e., that Pr(%7r) = 1). This
probability Pr(gogr) is still typically quite close to 1, but there are now other violated
possibilities that need to be included. Technically, the probability of Z7 should now be
computed like the probability of a path, because y has been expanded into a subgraph.
Since this subgraph only has a depth of 2, the result is the probability of Zgg times all
ways of getting from yo to y:

P1(zg) = Pr(TT5) - 3 Pr(Tor)-

Note that we can ignore the Pr(7;7) since they are all 1. Even though Pr(z7) is now
represented differently, it still evaluates to its initial value, since the summation at the
end of the equation will always equal 1.

The formulas of the last section still work exactly as before, except that instead of
requiring all constraints to hold at the nodes, we instead require that the constraints
are consistent with any violations that have already been postulated. For example, if
we have already proposed a violated precondition at y, then only paths which account

for this violation can be included.

consistent(nzz, W) &L vze nodes('rl__z) : the constraints of z are consistent with
any violations postulated for rl=:z:,

relative to W.

The definition for “explains” needs to be updated to account for this change:
. p——i de . —_ =——
explains(riz, W, M) &L consistent(rlz) A M C nodes(rlz) A z€M.

Using this new version of “explains”, the probability of a path given a set of mentioned

steps is exactly as before:

Pr(riz | W)

Pr(riz | W, M) = — —
ZPr(rli | W) : explains(r);, W, M)

if explains (rl=:z:, W, M).

So once the hierarchy has been transformed to include the new “interior” nodes,
and once we take consistent violations into account, the conditional probability of a
path given the mentioned steps of the agent’s query can be calculated identically for
both valid and violated plans.
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6.2.3 Ill-Formed Plan Recognition

Recall that there are three types of ill-formed misconceptions that need to be handled:
extra steps, substituted steps, and missing steps. Each of the three types of ill-formed
plans is addressed separately.

To handle extra steps, we need to add new arcs to the hierarchy that connect any
potential extra steps to their parents. To distinguish these new arcs from the original
ones, each arc will now have another attribute which specifies whether or not it is
well-formed (i.e., whether the arc is part of the correct hierarchy). Then the hierarchy
is expanded by adding ill-formed arcs which represent extra steps. The probability on
an ill-formed arc Ty measures the likelihood that an agent would incorrectly include y
as an extra step under z.

It is conceivable for the agent to include any node as an extra step under any other
node. Since there is no way of knowing exactly which extra steps the agent actually has,
the new hierarchy must be strongly connected?. This is fine for alt children; the OR
node simply has an arc leading to every other node in the hierarchy, with appropriate
probabilities on the arcs. But there is a problem with substeps: all probabilities for
substeps of a plan are supposed to be 1. And we certainly do not want to claim that
the probability of an extra substep is always 1 by definition. So instead, we will add a
dummy OR node as a substep, and attach all the extra steps to this node (along with
a “no-op” alternative to handle the case where the agent has no extra steps at all) as
shown in Figure 6.4. This new subgraph can now legitimately get a probability of 1,
thus preserving the consistent interpretation of the AND/OR graph.

Substituted steps can be handled by using a method similar to the one for violated
misconceptions. Each original node y already has an associated subgraph of “interior”
nodes in the new hierarchy which accounts for all combinations of all possible violations.
Now, we will add a new interior node for each possible substituted step, which specifies
that the agent should have done y but did instead z (for every possible substitution z).
Attached to these nodes are subgraphs which specify all of the possible combinations
of misconceptions that could occur at z. So there may now be an interior node y/z;
which represents the situation where the agent mistakenly did z instead of ¥, and also

has violated misconceptions a and b. This is shown in Figure 6.5.

2Technically, it is not quite right to make the hierarchy strongly connected, since we still do not
allow cycles. In practice, this can be handled by assigning a probability of 0 to any new arc whose
addition would create a cycle.
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Figure 6.4: The transformation for an extra step y under z.

Figure 6.5: The transformation for a substituted step 2 at y.
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Missing steps can be handled in the same way by adding another interior node,
representing the case where the agent should have done y but instead did nothing at
all (because y was missing from his plan for z). This can be interpreted as a slightly
odd substituted step, where the incorrect step that is being “substituted” is vacuous.

Once the plan hierarchy is transformed to include all of these new nodes and arcs,
all of the formulas of Section 6.2.2 will now work with ill-formed plans as well, without
modification. Once we have determined whether or not a node of the plan hierarchy
is consistent with the current situation, the particular interpretation of the node is
irrelevant as far as the calculations are concerned. We can view these new “interior”
nodes as simply another layer of steps added to the plan hierarchy. The fact that
they happen to represent invalid steps and that they require the user to have certain

misconceptions does not affect the probabilistic manipulations at all.

6.2.4 Summary

The results of Section 6.2 are summarized in the following assumptions, definitions and

equations, which hold for valid, violated, and ill-formed plans:

Assumption Al: If z is an ancestor of ¥ and y is the parent of z, and if

z, y and z all lie along a valid path, then

Pr(z | z,y,Q,W)=Pr(z | y,Q,W) for any other steps Q.
Assumption A2: The plan hierarchy is acyclic.

Assumption A3: The probabilities of all minimal explanations of M in

W are required to sum to 1:

}:Pr(rzl,- |W,M): expla,ins(;'—_l—,-, W,M) = 1.
i

Assumption A4: The relative probability of two paths that each explain
M is independent of whether M is actually mentioned. Specifically, if 11z

and 7)oy are each valid minimal explanations of M in W, then

Pr(rliz | W, M) _Pr(rliz | W)
Pr(rlay | W, M)  Pr(rlay | W)
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consistent(rl=a:, W) <d=ef> Vz e nodes(rl__.:c-) : the constraints of 2 are consistent with
any violations postulated for rl=a:,

relative to W

(6.1)

. — d . — =
explains(rlz, W, M) & consistent(rlz) A M C nodes(riz) A z€M (6.2)
Pi(rlzy | W) = Pr(riz | W) - Pr(z7) (6.3)

— Pr(rlz | W)

Pr(riz | W, M) = — _ if explains(rlz, W, M).
(riz| ) ZPr(rl; | W) : explains(ri;, W, M) ( )

(6.4)

So, at least in theory, it is now possible to compute the probability of any path
that the agent may take, regardless of the misconceptions that it might contain. This
probability is simply the product of the probabilities of all the steps and misconcep-
tions that form the path, suitably normalized, which agrees precisely with the intuitive

description presented at the beginning of this chapter.

6.3 A More Practical Model of Probabilities

The view of probabilities developed in the previous section, while providing a clean
interpretation of the probabilities of flawed plans, is far from being implementable.
It is at once both too strong and too weak. On the one hand, it makes very strong
independence assumptions about steps and misconceptions which will not hold up in
real life. On the other hand, it proposes an infinite plan hierarchy, with no suggestions
for how to calculate all of the necessary numbers that make up the probability of a
path. This section addresses these issues by showing how a program such as Pathfinder
might make some reasonable simplifications to arrive at a workable model that is more

practical to use.
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6.3.1 Handling the Probabilities on the Arcs

Recall that the probabilities on the arcs of the hierarchy are conditioned on the state of
the world: Pr(Zg) = Pr(y | z, W). This made the calculations for the paths very neat
in theory; we simply needed to take the product of the values on all of the arcs along
the path. But the problem with this is that it does not suggest how to get the values
for the arcs themselves. The probabilities can change with the state of the world, so
there is no way to have them stored directly in the permanent plan hierarchy. And
even worse, we need to be able to decide which paths are inconsistent before we do the
search, which is clearly impossible.

It turns out that there is a way to have fixed numbers on the arcs after all, if we
make some rather strong assumptions. Instead of trying to condition everything on the
state of the world and trying to judge whether paths are consistent ahead of time, we
will take a very naive approach. We will assume that the relative probability of two
valid alts is independent of the state of the world. Specifically, we make the analog of

Assumption A4 for consistent alts:
Assumption A5: If y and z are alt children of z, and if ZF and %7 can
each be part of a consistent explanatory plan, then

Pr(y|e, W) _ Pr(y|2)
Pr(z |z, W) Pr(z|z)

If we also assume that every single path in the hierarchy is always consistent, then we
can just deal directly with Pr(y | =) and ignore W completely, calculating the path
probabilities just as before.

Of course, this second assumption is ridiculous. There will obviously be paths that
are inconsistent with W. The only problem is that we won’t know which paths are
inconsistent until we encounter an inconsistency during the search. So when we follow
a path down from the root, as soon as we encounter an arc Zy that is inconsistent, we
need to set the value of that arc (and all its descendants) to 0. This is because the
probability of incorporating an inconsistent arc into a consistent path must be 0, and
we only want paths that are consistent with the current state of the world.

At this point, we should propagate the changes through the hierarchy, since the
fact that Zg is inconsistent will change the probabilities of other nodes in the hierarchy.

But there is an alternative to this complicated dynamic renormalization. Instead of
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propagating the probability changes through the hierarchy every time we find an in-
consistent path, we can simply discard that path and do a single renormalization at the
end of the search. We will treat the “naive” values as if they are the true probabilities
conditioned on W. When we find an inconsistent path, we will eliminate that path
from the search, but will not renormalize the remaining probabilities. If we continue
the search to find all of the consistent explanations, then we can renormalize at the
very end to make sure that all of the explanatory paths sum to 1.

We still need to convince ourselves that this gives us the correct result. Instead of
looking at individual nodes and arcs, let us just consider complete paths from the root
to a leaf. If we assume that all paths are consistent, then the product of all “naive”
values along a path will be precisely the probability of the agent choosing that path,
since that is how we defined the probabilities on the arcs in the first place. We can
imagine doing an exhaustive search of the entire hierarchy and discovering which paths
are inconsistent. Since the probabilities of all the consistent paths are required to sum
to 1, we must renormalize all of the remaining consistent paths®. This will give us the
correct probability for each consistent path in the hierarchy, correctly conditioned on
the state of the world.

But notice that during this redistribution phase, all consistent paths are affected
by exactly the same amount. So it really amounts to a final step of multiplying all
consistent paths by a constant factor in order to guarantee that everything sums to 1.
This cannot affect the relative likelihoods of the consistent paths; if one consistent path
is twice as likely as another, then it will still be twice as likely after the renormalization.
So in fact, unless we are interested in the probability itself, we do not actually have to
perform the exhaustive search and the renormalization. We can do a standard best-first
search, and stop as soon as we get the first complete explanatory path. The number
associated with this path is not legitimately a probability (because it has not been
normalized yet), but it is perfectly acceptable for a best-first search heuristic, and can
still be used to measure the relative likelihoods of the top answers. And we can still

reconstruct the actual probability if it is really needed.

3This can also be viewed as distributing the probabilities from the inconsistent paths equally over
the remaining paths.
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6.3.2 Relaxing the Independence Assumptions

Two of the simplifying assumptions made in the previous sections are fairly restric-
tive independence assumptions about probabilities. Assumption Al stated that the
probability of an alt step does not depend on anything in the path except its parent.
And Assumption A5 stated that the relative probability of two valid alts is indepen-
dent of the state of the world. Both of these assumptions can be relaxed to account
for dependencies that naturally occur in real life, which improves the precision of the

probabilities while still keeping the calculations manageable.

Step Dependence

Claiming that the relative probabilities of valid alternatives are always constant is
obviously an oversimplification. There could be many things that affect the selection
of a course of action. For instance, the most probable plan that an agent will choose
for investing his money might be strongly dependent on factors such as the prevailing
interest rates and the stability of the stock market. A more mundane example is an
agent’s plan for getting dressed in the morning. If we consider the probability of his
choosing a sweater as opposed to a tank top, he might be 50 times more likely to
choose the sweater during the winter. But we might get exactly the opposite ratio in
the middle of July.

This is also noticeable if we look at steps that have already occurred. The proba-
bility of extending a sequence of steps should depend on the steps that have already
taken place. For example, if we know that the agent has already selected a tank top,
then he will be more likely to continue this plan by putting on a pair of shorts rather
than a pair of heavy wool pants.

Relaxing this independence assumption for steps requires us to use more sophisti-
cated probabilities. The single probabilities on the arcs would need to be replaced by
probability distributions, which would be able to take other facts about the current
state of the world into account. Pathfinder does not currently take advantage of this

approach.

Misconception Interdependencies

If we apply Assumption Al to the interior misconception nodes, it claims that the

probability of a misconception depends only on its associated step, and is independent
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of any ancestors. In particular, it claims that the probability of a misconception is
independent of any misconceptions that were detected earlier in the path. This is obvi-
ously false; misconceptions can certainly be dependent on each other. But it turns out
that it is possible to view the misconceptions as being mostly independent, except for
several well-defined categories of dependencies. These dependencies can be recognized
on a case-by-case basis, and the probabilities can be adjusted appropriately when a
dependency arises.

We have isolated three cases where one misconception can be dependent on another
misconception in the path. The first case, vp-vp, occurs when there are two violated
preconditions in the path that test related conditions. A very simple example of this is
when a step and one of its descendants have identical preconditions, which could arise
because of redundancies in the plan hierarchy. While many of these vp-vp cases can
be eliminated by careful construction of the hierarchy, sometimes it is not desirable to
do so because it would make the hierarchy much more convoluted and unnatural. And
sometimes it really is necessary to have apparently redundant preconditions, because
steps can be reached by multiple paths which might determine the placement of the
precondition.

There are also situations in which vp-vp pairs are only partially dependent. For
example, there may be a precondition in the £ill-in-fellowship plan that states
that the object must be a fellowship. And the £ill-in-brown-fellowship plan may
have a more specific precondition that states that this fellowship is actually a Brown
fellowship. If the first precondition is already violated, then the second one will certainly
be violated as well. Pathfinder handles this by computing a weak form of implication.
If one violated precondition is implied by an earlier violated precondition, then it is
considered completely dependent, and the probability of the path is not affected by
the later violation at all. If the later precondition implies the earlier one, then it is
considered partially dependent, and the probability of the path is only lowered by the
amount that was not already accounted for by the earlier violation.

A second type of interdependence is vb-vb, where a violated binding is related to
an earlier violated binding. Many of these cases result from the “cascading bindings”
described on page 87, where a single incorrect binding will be inherited by descendants
to cause multiple errors. Pathfinder handles these cases by simply ignoring any violated
bindings that have already been detected once, assuming that the second violation is

completely dependent on the first. vb-vb pairs can also occur when one binding is
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defined in terms of another. For example, the plan for filling in general fellowships has

a single parameter ?x for the fellowship, and has a substep
(get-obj 1099-form (university-of ?x))

which has a binding that uses ?x. If the binding for 7x has already been violated, then
the binding in get-obj for the location (university-of ?x), which is dependent on
?x, may also be violated.

The final type of interdependence is vb-vp, where a violated precondition makes
use of an earlier violated binding. The rationale here is that the agent will be testing
the precondition using the wrong values in the first place, so he will be more likely to
not know that the precondition does not hold. For instance, one precondition for the
get-obj step is that the object the agent is getting must be at the initial location. If
the binding for the object (or the location) is violated, then this precondition is more
likely to be violated. Again, these can be treated as either partially or completely
dependent misconceptions, depending on the situation.

It is easy to recognize these cases of interdependent misconceptions simply by keep-
ing track of all violated bindings and violated preconditions that have already been
encountered on a path. Using this information, the probability for the second miscon-

ception can be adjusted automatically to account for the dependency.

6.3.3 Simplifying the Interior Nodes

One large problem that has not been addressed yet is how to reason about the trans-
formed hierarchy in practice. For perfect plan recognition, the only numbers that are
required are the probabilities of a node given its parent; they are simply the rela-
tive likelihoods of the alternate ways of achieving a plan, and given the analysis in
Section 6.3.1, they can be stored directly on the arcs of the plan hierarchy.
Unfortunately, the “interior” nodes that were proposed to handle violated plans are
an entirely different story. They transform each node in the hierarchy into an infinite
subgraph, and every new arc in the subgraph requires additional probabilistic infor-
mation about the misconceptions that could occur there. It is obviously not possible
to pre-compute these values. The important thing to realize, however, is that all but
a handful of the various combinations of misconceptions will be so unlikely that their

probabilities will be extremely close to 0.
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So we can make a simplifying approximation and assume that, unless there is evi-
dence to the contrary, the probability of the “perfect” interpretation Pr(%oyr) (with no
misconceptions) is 1. This will have the effect of slightly overestimating the value of
an arc when there are no misconceptions, but for the best-first search method used by
Pathfinder, overly optimistic heuristics are required anyway. The only time when the
estimation will be significantly off is if there are very likely misconceptions that can oc-
cur at a node. In these cases, the misconceptions will be predictable enough that they
can be isolated in their own separate nodes, forming a “bug list” of the most common
mistakes. This is exactly the situation in which a bug list approach is appropriate:
it can successfully weed out the most frequent mistakes that have a significantly high
probability, and it does not attempt to solve the entire problem by predicting all of the
misconceptions ahead of time.

None of the remaining interior nodes actually needs to be represented in the hi-
erarchy itself, on the grounds that the prior probabilities are low enough to be safely
ignored. When there is enough evidence to support one of these nodes, the node can be
generated dynamically as needed. The cases of constraint misconceptions are trivial.
For example, if Pathfinder discovers that two preconditions are violated during the
process of checking the preconditions of a node y, it will automatically construct the
interior node corresponding to y combined with the two violated preconditions.

The interior nodes corresponding to structural misconceptions are treated similarly.
Pathfinder only proposes missing and extra step nodes if they are required by the query.
It also generates substituted step nodes as needed, by finding only those steps that
would make “reasonable” substitutions, as described on page 89. Intuitively, a step
makes a “reasonable” substitution if it is similar enough to the correct step that a path
containing the substitution is more likely than a path without it.

Thus, in actual practice, it is not necessary to do the transformation to the interior
nodes. We can keep the original hierarchy and add only the misconception nodes that

are required by the explanation.

6.3.4 Features Influencing Misconception Scores

Since Pathfinder is now constructing these misconception nodes dynamically, we need
to find a way to generate the probability of a misconception “on the fly”. The ap-

proach taken here is to generate these probabilities based on the classification of the
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misconception. In other words, each category in the classification will have a formula
for calculating the probability of any misconception belonging to that category. Using
that formula on the particular misconception will produce the desired probability.

It is possible to break the probability of a misconception down into a number
of features. These features can be calculated independently from readily available
information, and can then be combined to form the probability itself. Pathfinder
currently uses six major features of plan-based misconceptions. This is not meant
to be an exhaustive list by any means, and there are many other subtle factors that
can influence a misconception. But studies of the transcripts and experiments with
Pathfinder have suggested that these six features provide a surprisingly reliable estimate
of the likelihood of the misconception.

The six features are not equally important for all types of misconceptions. Each
category of misconception stresses different features, and in fact there are some mis-
conception categories that do not have certain features at all. This is handled by
associating a vector with each misconception category. This vector defines how the
probability of the misconception should be constructed, by assigning weights to each
feature. In violated preconditions, for example, the similarity feature might be consid-
ered ten times more important than the feature of complexity.

The six features that make up the probability of a misconception are similarity,

obscurity, complexity, overgeneralization, permanence, and discourse.

Similarity

Similarity compares the agent’s incorrect plan component with the correct version of
the component to determine how similar they are. This feature is especially relevant
for violated and substituted components, since it can measure how close the agent’s
version is to the correct version. It is irrelevant for missing and extra components,
because these types of misconceptions do not have both a correct and incorrect version
that can be compared.

Preconditions actually have two different types of similarity that can be measured.
For substituted preconditions, the important fact is how similar the two versions of the
precondition are to each other. For violated preconditions, it is important to determine

how close the precondition is to holding. While preconditions are usually treated as

1t should be noted that the features themselves are not considered probabilities. They are simply
numbers that can be combined to form a probability.
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having binary truth values (either true or false), it is sometimes possible to measure
how “badly” a precondition fails. For instance, the users in Examples 24 and 25 ask
exactly the same question and have problems with the same precondition, but the
actual misconception is different in each case. Since the two times are so close in
Example 24, it is more likely that the user just didn’t know exactly what time it was,
signifying a violated precondition. But in Example 25, the two times are much further
apart, and it is more likely that the precondition is substituted (or missing) instead of

violated.

[U] I'm going to call the IRS up right now and complain about these tax
laws. What's their number?

[E] Well, the number is 1-800-IAM-POOR, but it’s 5:05 pm and their
office just closed.

Example 24: Violated Precondition (times very close).

[U] I'm going to call the IRS up right now and complain about these tax
laws. What's their number?

[E] Well, the number is 1-800-IAM-POOR, but it’s 3:00 in the morning
and no one will answer now.

Example 25: Substituted or Missing Precondition (times very
different).

Obscurity

Obscurity measures how familiar the component is expected to be to the agent. People
are more likely to have misconceptions about uncommon, little-known components
than about very common components. For example, if a particular tax plan has a very
obscure technicality that only a trained expert would know about, then an average user
might have it missing from his version of the plan. On the other hand, if there is an
extremely common precondition that everyone is expected to know, then it would be

much less believable that the user would be missing it.
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Obscurity can often be used to distinguish between missing preconditions and vi-
olated or substituted preconditions. Usually, when the precondition is not mentioned
in the query, all the outside observer will know is that the precondition should have
been satisfied but hasn’t been, and she will not know whether the agent is missing
the precondition, has a different precondition, or thinks that the precondition actually
holds. If the precondition has a high obscurity score, then that would favor the inter-
pretation that the agent has a missing precondition. If the obscurity score is lower,
then a missing precondition is less believable, and it is more likely that it is violated
or substituted.

Obscurity can also be used to a lesser extent with extra components. If an agent
adds an extra component that is fairly common, it is often more believable than if he

adds a very specialized, uncommon component.

Complexity

The factor of complexity takes into account how complicated the particular component
is. Generally, the more complex a component is, the more likely it is that an agent
may have an incorrect version of the component. This is especially important for
preconditions and steps. If a step is very complex and has a large number of complicated
substeps, it is more likely that the agent may be missing certain steps (or may have
the steps in the wrong order, leading to a violated ordering).

Complexity can sometimes be used to recognize substituted preconditions. If a
precondition is very complex, a reasonable explanation would be that the agent might
have substituted a simpler version of the precondition which might in fact hold. If
the precondition is relatively simple, it is more likely that the agent is either missing
the precondition entirely, or has the correct precondition but thinks that it is actually
satisfied.

Overgeneralization

Certain misconceptions are caused by the fact that the agent has overgeneralized on a
particular aspect of the plan hierarchy. This is quite useful in explaining extra steps
and extra preconditions. For instance, if every type of income ezcept fellowship income

involves getting some type of form, the agent might reason as follows:
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“Well, I have to get a form for my wages, I have to get a form for my
interest, I have to get a form for my pension plan... I must have to get

some sort of form for my fellowship information too.”

This would cause him to have an extra step in his plan for filling out fellowship infor-
mation.

Overgeneralization can also occur in situations where there are many similar plans
but one of the plans has a special case that is slightly different. This may cause the

agent to have a substituted step or precondition.

Permanence

In addition to overgeneralizing on the structure of a plan, an agent may also overgen-
eralize on the temporal permanence of a plan. There are two ways that permanence
can influence the probability of a misconception. The most common form affects pre-
conditions. Certain preconditions are time-invariant; for a given set of bindings, the
precondition will always have the same truth value. Other preconditions can change
their truth value over time. It may be the case that a precondition for a plan has held
in the recent past, but has just changed a few moments ago. If the agent is not aware
of this change, then he is very likely to have a violated precondition, believing that the
precondition still holds when in fact it doesn’t.

The other type of permanence arises when the knowledge base of plans is dynamic.
For example, certain rules in the tax laws change from year to year. The agent may be

using a set of plans that is out of date, and that should not be applied any more.

Discourse

Often, things that were said earlier in a dialogue can influence the believability of
misconceptions. For example, the observer might have already discovered that the
agent has certain misconceptions about a plan. This could indicate that the agent is
not very knowledgeable about this plan, which might make additional misconceptions
more believable.

It could also be that the observer has already diagnosed a similar (or even identical)
misconception earlier in the dialogue. In this case, it is not quite as clear how this
should affect the probability of the current misconception. One interpretation is that

since we have already seen the mistake before, we are likely to see it again. But another
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possibility is that “only a fool makes the same mistake twice”; since the expert has

already corrected the earlier mistake, we would not expect it to occur again.

6.3.5 Summary

Although the complete hierarchy for invalid plans is infinite in theory, we don’t actually
need to make the transformation in practice. We can generate exactly the interior nodes
that are needed for a particular query, and the probabilities for the interior nodes can
be constructed at runtime by decomposing them into a set of easily calculated features.

The earlier chapters of this thesis were primarily concerned with what types of mis-
takes people make with their plans. But the six features of plan-based misconceptions
that were presented in this section are the beginning of a theory of how people make
mistakes. There are various types of faulty reasoning that can lead to a plan-based
misconception, such as overgeneralizing on a plan component or getting two similar
components confused. This faulty reasoning can explain how (and also why) an agent
ended up with a faulty plan.

The “true” underlying incorrect beliefs that cause a plan-based misconception are
still normally unattainable. But the six misconception features bring us closer to this
level by isolating the properties that affect the likelihood of a misconception. Not only
do they allow us to select the most likely explanation for a user’s faulty query; they
also provide us with some justification for why this explanation is the best.

This theory is far from being complete, but it helps our immediate problem of
how to measure misconceptions reasonably accurately, and it can hopefully offer a
starting point for developing a more detailed understanding of the causes of plan-based

misconceptions.

6.4 The Appropriateness of Probabilities for Best-First

Heuristics

Although the probabilistic interpretation developed in this chapter is practical enough
that a program such as Pathfinder can actually calculate the necessary probabilities,
it is still not obvious that these probabilities are appropriate as a heuristic to guide a
best-first search.

Since Pathfinder is doing a best-first search, it does not have access to an entire
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path at once. It will only have a partial path, which extends from the root of the
hierarchy through some (but not all) of the mentioned steps. During each iteration
of the algorithm, another path fragment between two mentioned steps will be added
to the answer. Pathfinder uses the probabilities calculated so far on the partial path
as an estimation for the probability of the entire path. For instance, in the middle
of processing the standard graduate student example from Section 5.9, Pathfinder will
have constructed a partial path from do-taxes down to fill-in-fellowship. It will
use the probability of that partial path as an estimate of the entire path down to
get-obj. Once it continues to expand this path, it will realize that this estimate is too
high, because of the misconceptions that will be discovered at the bottom. So it will

revise its estimation down to take the new information into account.

Admissibility Requirements

In order to properly use a probabilistic heuristic function for a plan recognition algo-
rithm based on A¥*, the function must meet two admissibility requirements: it must be
optimistic, and it must be monotonic. This means that it must always overestimate
the probability of a path, and that the probability of a path must never increase.

We know that probabilities are always < 1, and that the heuristic value of a partial
path is simply the (un-normalized) product of the probabilities of all of the arcs that
make up the path. So the monotonicity property can be proven by showing that once
an arc is incorporated into the probability of a path, its contribution to the probability
of the path never changes. There are only two ways that this contribution could
conceivably change during the search: by eliminating the arc from the path (through
backtracking in the search), or by recomputing the value on the arc. The first possibility
can be dismissed immediately, since Pathfinder never backtracks. Once an arc is added
to a path, it will always remain on the path. There is only one situation where the
value on an arc might change, and that is when the probabilities are renormalized. But
since Pathfinder defers normalization until after the search is completed, the values
on the arc remain unchanged, and thus the probability heuristic is guaranteed to be
monotonically decreasing.

Proving that the heuristic is optimistic is a much more difficult manner. The best
we can do is show that the heuristic is always optimistic, modulo the accuracy of

the weights on the arcs. Assuming that the arcs are accurate, the optimistic property
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follows directly from the fact that the partial path is taken as an estimation of the entire
path, and from the fact that the heuristic is monotonically decreasing®. Unfortunately,
there is no way to guarantee the accuracy of the arcs, which depends primarily on
the reliability of the information we have about the user. There are techniques for
modifying an inadmissible A* heuristic to conform to the admissibility requirements 32,
81], but these techniques often result in a loss of precision. Assuming that sufficiently
detailed information is available about the user, and assuming that the designers of the
hierarchy are relatively forgiving in their penalization of questionable misconceptions,
the accuracy issue should not be a major problem. We are not actually concerned with
absolute optimality anyway. For instance, if the top three paths all have very close
probabilities, we will need to construct an answer that addresses all three possibilities
regardless of their relative rankings. So slight variations of optimality aren’t critical,
and for all practical purposes, as long as the values on the arcs are reasonably accurate,

the probability function can be considered an admissible candidate for best-first search.

6.5 Pathfinder’s Actual Probabilities

This section describes the actual method that Pathfinder uses to calculate the prob-
ability of a particular path. While it follows the view of probabilities that has been
developed in the previous sections fairly closely, some disclaimers are necessary at this
point. Since a definitive theory of misconception features is yet to be developed, we
are not terribly concerned with implementing the six misconception features exactly as
presented in Section 6.3.4 for every type of misconception. Instead, we are attempting
to implement the features that are both the most useful and the easiest to handle, in
order to demonstrate that this probabilistic approach really is feasible. Finally, any
specific numbers and formulas that are mentioned in this section should be taken with
a very large grain of salt; we have absolutely no justification for them at all except that
they look reasonable and appear to work correctly. But since nobody has ever applied
probabilistic techniques to the problem of recognizing faulty plans before, we have to

start somewhere.

5Note that the heuristic is not an optimistic estimate of the probability of a path, since the path
probability can still increase after normalization. But the normalization is not done until after the
search is completed, and is not considered part of the heuristic function. So the heuristic function itself
is optimistic; the value for a partial path is always less than or equal to the value for the entire path.
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6.5.1 Calculating the Probability of a Path

As discussed in Section 6.3.3, Pathfinder does not actually transform the plan hierarchy
to include the “interior” nodes. It only generates exactly the interior nodes that are
needed to represent the misconceptions along a path. It starts at the root, with a
probability of 1. When it adds an alt node to the path, it multiplies the probability
by the value stored on the corresponding arc. Adding substeps does not affect the
probability, since the value on the arc will just be 1. When it verifies the step to check
for violations, it multiplies the path probability by the probability of each misconception
that is encountered. These misconceptions are treated as independent, except for the
three specific types of interdependencies introduced on page 123.

Extra and missing steps are proposed only when they are needed, and the only value
needed for them is the probability of the misconception itself, which is multiplied into
the path probability. For substituted steps, Pathfinder checks the subpaths at both the
correct and incorrect step for misconceptions, and then multiplies in the probability of
the substituted step misconception itself.

So in constructing a path, Pathfinder calculates exactly what it is supposed to:
the product of the probabilities stored on each arc in the path, times the product
of the probabilities of all the misconceptions along the path. At the end, Pathfinder
normalizes the probabilities over just those paths that provide a consistent explanation

of the user’s query.

6.5.2 Calculating the Probability of a Misconception

Pathfinder constructs the misconception probabilities using some of the features de-
scribed in Section 6.3.4. For each misconception, the relevant features are calculated
independently and combined using a weighted average, because the importance of a
feature is different for each misconception type. For example, if substituted precondi-
tions use similarity, obscurity, and complexity with respective weights of 10, 1, and 1,

then the probability for a substituted precondition z will be

10 * sim(z) + 1 * obsc(z) + 1 * comp(z)

10+1+41 )
If the misconception turns out to be dependent on an earlier misconception, then the
probability is adjusted to reflect only the “new” amount that hasn’t already been

explained by the earlier misconception, using the methods described on page 123.
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There are four sources for the scores for the misconception features. Some scores
are just constants; all misconceptions will receive the same value for these features.
Some scores are retrieved from static values stored directly in the plan hierarchy. Some
involve functions based on the number of certain types of arcs in the plan hierarchy.
The remaining scores are calculated from information stored in other knowledge bases.

There are three such knowledge bases, which are structured as weighted discrimi-
nation nets. There is a net for objects, which we will call the O-Net. This is basically
an ise hierarchy with weights on the arcs that measure how closely two objects are
related. There is a corresponding net for steps, called the S-Net. And there is a third
net for predicates that are used in preconditions, called the P-Net. These nets are used
primarily to calculate the similarity of two entries, by taking the product of the weights
along a connecting path.

We will now describe exactly how the probabilities are calculated for each class of

misconception.

Violated Bindings

Instead of scoring a violated binding directly, Pathfinder specifies a list of important
(salient) conditions that must hold for that binding, similar to the salient features
used by McCoy [69]. These are the properties that are important about the binding
for the current plan. These salient properties are checked using the agent’s incorrect
binding, to see how many of them are satisfied. Both common and distinct properties
of the binding can be checked in this way [109]. Any violated properties can then be
scored as violated preconditions, and can be combined to form the probability of the

violated binding within the context of the current plan.

Violated Preconditions

There are three features that Pathfinder uses for violated preconditions. The most
important (with a weight of 10) is similarity.

Similarity in this case measures how close the precondition is to being true. There
are two ways that Pathfinder measures this, depending on the predicate of the precon-
dition. If the predicate is “isa” (or a statement of equality), then Pathfinder looks up
the two arguments in the O-Net to find out how closely they are related®. Otherwise,

81t can also handle certain similarities between numbers, and can do a crude measure of similar
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it searches the state of the world for all facts that involve the same predicate, and
checks the corresponding arguments in the O-Net. If the arguments are closely related,
then the precondition “almost” holds (i.e., the agent might believe that it actually does
hold), and the similarity score is the product of the similarities of the arguments. Any
remaining similarity contributions that are not affected by the state of the world (i.e.,
contributions that are properties of the precondition itself; that would lead a user to
believe that the precondition is true when it is actually false) are merged into a single
number that is stored directly with the precondition.

Two secondary features for violated preconditions (each with a weight of 1) are
obscurity and complexity. Obscurity is also a single number stored directly with the
precondition. Complexity is based on the intricacy of the precondition, measured by
the number of clauses in conjunctions and disjunctions. As the complexity increases,

the chances of a misconception also increase:

0.9 ifn>10

For n clauses, complexity =
’ 10™10  otherwise.

Substituted Preconditions

The main feature for substituted preconditions is similarity (with a weight of 10). This
is the product of two numbers: the similarity of the two predicates (calculated from
the P-Net), and the weighted average of the similarity of the corresponding arguments
(calculated from the O-Net). Pathfinder can make suitable adjustments for negated
predicates, mismatched conjunctions and disjunctions, and nested predicates.

There are also two secondary features (each with a weight of 1). These are obscurity

and complexity, which use the same values that were used for violated preconditions.

Missing Preconditions

Missing preconditions also use the same obscurity and complexity scores, but they are
weighted differently; obscurity now has a weight of 10, compared to complexity’s weight
of 1.

spellings (for example, to capture the similarity of “W2-form” and “W4-form”).
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Extra Preconditions

Extra preconditions currently do not use any features at all. They just get assigned a

constant score of 0.001.

Violated Optimization

The current version of Pathfinder does not even detect violated optimization in the

first place. So it only has a dummy score of 0.9.

Substituted Steps

The probability of a substituted step is comprised of three equally weighted features:
similarity, obscurity, and complexity. Similarity is measured from the S-Net. Obscurity
is stored directly on the arc of the plan hierarchy. And complexity is based on the
number of substeps that the correct step has. If the correct step is an alt node, then it

is based on the average number of substeps for each alt child.

0.9 ifn>5

10271—10

For n substeps, complexity = _
otherwise

Missing Steps

The probability of a missing steps uses a single feature of obscurity, which has the same

stored value that is used for substituted steps.

Extra Steps

Extra steps use two equally weighted features: obscurity and overgeneralization. Ob-
scurity is based on the total number of plans that correctly contain the extra step; it
is the ratio of the number of possible paths that correctly contain the extra step to the
total number of paths in the plan hierarchy.

Overgeneralization is based on only the number of similar plans that contain the
extra step; Pathfinder finds all plans that it considers similar to the extra step’s parent
(from the S-Net). The overgeneralization score is the average of the similarity measures

between the parent and each similar step that correctly contains the extra step”.

"These features are obviously not independent, although they are assumed to be.
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Figure 6.6: Misconception features currently used by Pathfinder.

Violated Orderings

Violated orderings just get a constant score of 0.9, since in most cases their presence

does not appear to dramatically affect the believability of a path.

Summary

The specific features that Pathfinder currently uses for the various misconception types
are summarized in Figure 6.6. A dash signifies that the corresponding feature is def-
initely inappropriate for that misconception type and will never be used. The blank
entries signify that the feature has not been implemented yet, and may be appropriate
for that misconception type. It is clear that even with this incomplete classification of

misconception features, there are still several holes to be filled in.

6.6 Are the Numbers Manageable?

While Section 6.3 simplified the probabilistic interpretation to make it more compu-
tationally feasible and broke misconception scores down into a set of simpler features,
it still did not address the issue of whether or not the required numbers are available.
There are two types of numbers that are needed in order to calculate the likelihood of
a path: the step probabilities that are stored on the arcs of the plan hierarchy, and
the misconception features described earlier in this chapter. Since the probabilities
might vary from person to person, it makes sense to organize them in a user model.
This section suggests that it is feasible to get the necessary numbers in real life, and

describes how a user model can help to maintain them.
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6.6.1 The Role of User Models in Plan Recognition

User models are already employed quite frequently in natural language generation sys-
tems to decide how to phrase a response, since the same question asked by different
people should get different answers [29]. This can be done in several different ways
[52]. One common way is to use stereotypical models of “expert” and “novice” users,
which can help to tailor a response to the correct level of expertise [79]. This can be
generalized to allow a user to be an “expert” in certain areas and a “novice” in others
[80]. The modeling process may also involve a larger set of stereotypes [71, 89], or it
may attempt to tailor a model to one specific user [51].

But user modeling is also strongly tied to plan recognition. As we have already seen,
even perfect plan recognition is frequently ambiguous. As an observer traces the first
few actions of an agent, or as a listener hears the first few sentences of an utterance,
the complete plan that is being followed is often ambiguous [40]. For example, if we
were to hear the sentence “Jack went to the supermarket”, we could come up with
many possible plans that Jack could be following: he could be going there to do some
shopping, he could be going there to meet someone, he could be going there to rob the
supermarket, or he may just be out for a stroll.

In most cases, however, we would immediately jump to the conclusion that Jack is
going to the supermarket to do his shopping, and would not even consider the hundreds
of other possible explanations. This sort of reasoning can be explained by using the
information provided by a user model. If we aren’t given any evidence to the contrary,
we would assign Jack to some generic user model, which tells us that most people go to
the store to do shopping. If we have heard that Jack is a known fugitive on the FBI’s
most wanted list, we might assign him to a “dangerous-felon” user model, which would
prefer the explanation of robbing the store. Different user models will have different
preferences for plans in the domain.

It is also well known that different types of people make different types of mistakes.
A professional tax consultant will not make the same kinds of mistakes on his income tax
form as a high school student. Similarly, native speakers of Spanish will make different
mistakes in translating from Spanish to English than native speakers of English [96].
Such tendencies toward certain types of mistakes should be reflected in the user model,
similar to the way that the model reflects tendencies to prefer certain plans over others.

These preferences for one plan over another, or for one mistake over another, are exactly
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what is captured by the probabilities that are used by Pathfinder.

Notice that this does not specify whether the probabilities are for all users, for a
stereotype class of users, or for one specific user. Since the model itself can be com-
pletely isolated and replaced, we could conceivably have a separate model tailored to
every individual user, and when the system is reasoning about a particular user’s ac-
tions, it will retrieve the appropriate model. Similarly, the system could be provided
with a function that maps users onto a set of stereotype classes, again with the appro-
priate model being retrieved for each user. All we need to be able to do is capture the

fact that certain people may be more likely than others to choose a particular plan.

6.6.2 What Numbers are Needed?

Given the probabilistic view outlined in this chapter, we can determine exactly what
numbers are needed. The first set of probabilities that we need are the probabilities on
the arcs of the plan hierarchy, measuring the probability of selecting a particular alt
step given its parent®.

We also need all the numbers that are required by the misconception scores:

e For each precondition, we need values for similarity, obscurity, and complexity.
Similarity is calculated from values in the O-Net. We also need the similarity
value between two substituted preconditions, which is calculated from the P-Net.
Complexity is a function of the syntactic form of the precondition, and can be
calculated directly. So this only leaves the obscurity value that must be stored

for each precondition.

e Violated optimization and violated orderings do not require any values at all,

since they get assigned constant scores.

e Substituted and missing steps require scores for obscurity of the correct step, sim-
ilarity, and complexity. Similarity is calculated from the S-Net, and complexity
is a function of the topology of the plan hierarchy. So the only value that needs

to be stored is obscurity.

e For extra steps, both obscurity and overgeneralization are functions of the topol-

ogy of the plan hierarchy, so nothing needs to be stored.

8Remember that for the case of substeps, the probability is always a constant 1.
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Thus, not counting the information in the three discrimination nets, we only need
to store the obscurity value for each precondition and each arc in the hierarchy, and
the original correct probability for each alt arc in the hierarchy.

The discrimination nets require quite a bit more information. However, by far the
largest of the three nets will be the O-Net, and any intelligent system will already
need some sort of isa hierarchy as part of its standard knowledge base, so this should
not be considered additional information that needs to be maintained. The S-Net will
typically have fewer connections than the plan hierarchy itself®, and the number of
predicates in the P-Net will be negligible compared to the other two nets.

This is a very manageable set of numbers. These values could come from a variety of
sources. They could reflect the experience of an expert in the domain, who might know
from years of consulting that people are quite likely to get W2 forms and 1099 forms
confused. Or the values may come from statistics gathered on a large population of
users over an extended period of time. For example, the IRS has statistics on how many
people file 1040 forms, as opposed to 1040A or 1040EZ forms. Depending on how the
statistics are collected, it may be possible to build up profiles of various types of people
(for instance, the number of single graduate students with income less than $20,000 who
file a 1040 form). A third possibility would be to use some sort of learning algorithm,
where all probabilities for alt steps and misconceptions start off equally weighted, and

the probabilities change over time as trends and preferences are observed.

6.7 Summary

The actual probabilities that Pathfinder finally ends up using are quite different from
the initial formulation in the beginning of this chapter. We started with a proba-
bilistic interpretation of perfect plan recognition, which was then extended to handle
plan-based misconceptions. It was fine in theory, but it made too many independence
assumptions and it required an infinite plan hierarchy. We were then able to relax the
independence assumptions, and at the same time we found a way to calculate the prob-
abilities using the original hierarchy. This method turned out to still be admissible as a
search heuristic, and the actual probabilities of the individual steps and misconceptions

could be calculated from numbers that are reasonable to obtain in real life.

9The worst case would be if there was no hierarchical structure to the S-Net at all and every pair
of steps had a direct similarity connection, resulting in n2 values for a plan hierarchy of n nodes.
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So given the classification of a plan-based misconception (which is provided for free
during the task of detecting the misconception in the first place), and given a user
model that will provide a way to measure the misconception features for a particular
user, we now have the ability to calculate the probability of novel misconceptions. This,
combined with the likelihood of individual steps, provides us with all of the numbers
necessary to calculate the complete probability of a path in the presence of possible

user misconceptions.



Chapter 7

Conclusions

Abstract: This final chapter reflects on where this research started and on
where it has come. It reviews the contributions that this thesis has made,

and suggests some possible future directions for extending the work.

7.1 Summary of Contributions

Virtually all of the plan recognition techniques of the past (and the present) have
ignored the problem of human fallibility. They have assumed that people will always
know what they are doing, will always have correct plans, and will always execute
those plans properly. This creates a serious problem when systems that use these
techniques are faced with a flawed plan; most of these systems are completely unable
to understand what the agent is doing in these cases. Intelligent interfaces, intelligent
tutoring systems, and any other systems that endeavor to interact intelligently with
people need the capacity to recognize, diagnose, and correct the mistakes that are
bound to occur.

This thesis has approached the problem from the perspective of extending tradi-
tional plan recognition methods to improve the reliability and helpfulness of intelligent
interfaces. These intelligent interfaces are designed to interact with a wide range of
users, many of whom are novices that do not always know what they are doing. These
novices are exactly the people who can benefit most from the assistance of an intelligent
interface, but this assistance breaks down at precisely the point where the novices need
it the most.

System designers have typically dealt with this problem by including bug lists of
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common mistakes, but this only helps if the user happens to have one of the miscon-
ceptions that the designer anticipated. There are many studies that have shown that
bug lists are not robust enough to handle the full range of mistakes that people make.
Instead of trying to predict these mistakes one at a time, it makes more sense to attack
the problem at the source, by reasoning directly about the way that people construct
plans. This has produced a new classification of plan-based misconceptions that covers
all ways that a plan can be constructed or executed improperly. There are several
critical advantages to this approach. Unlike some of the earlier, unprincipled classifica-
tions, this is based on the structure of plans and provides a complete classification of all
types of plan-based misconceptions. It is also completely independent of the domain;
the classification is not tied to a particular application (such as Pascal programs or data
entry). Finally, since the classification is closely coupled with the plan structure, the
detection of misconceptions can be combined with the plan recognition process itself.

Multiple possible interpretations of misconceptions also created difficulty. “Perfect”
plan recognition already produces ambiguous plans quite frequently, but the ambiguity
problem in flawed plans is much worse and the need for an accurate diagnosis is even
greater. Since a user with a misconception is already confused, a bad response will only
serve to make matters worse. Probabilistic methods can help by addressing the root
of the problem. It is possible to isolate the primary “features” that determine whether
or not a plan-based misconception is reasonable in a given situation. These features
can be calculated from a model of the user, and once the class of misconception is
known, the features can be combined to form the probability that the user has this
misconception.

By recasting the plan recognition problem as a graph-searching problem, a best-
first search method based on the A* algorithm can be used, which is able to find the
most likely interpretation of the user’s actions. Combining this with the ability to
detect and weigh misconceptions has resulted in the Pathfinder program, which uses
probabilistic reasoning to guide a search for the most reasonable plan that the user
could be following.

Both the theoretical classification and the practical implementation have been
tested on a large corpus of naturally occurring plan-based misconceptions, which were
extracted from real conversations in a variety of domains. The classification has proven

to be very reliable at accounting for the types of mistakes that people actually make
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in real life. And the Pathfinder program has performed exceptionally well on the ex-
amples. It accurately selects the most likely explanation for the user’s query, gives
plausible probabilities as a measure of confidence in the answer, and is efficient enough

to be incorporated into a full intelligent interface.

7.2 Future Directions

There are several areas where the research presented in this dissertation can be ex-
tended.

Violated Optimization

One very bothersome weakness in the detection algorithm is a lack of any way to detect
violated optimization. Clearly, the full planner-simulator method suggested on page 87
is unacceptable. People do not appear to use anything that complicated, and yet they
are able to detect violated optimization in a large number of cases. The question is,
what method do people use, and can it be automated?

One possibility is that people have already “pre-selected” what they believe to be the
optimal plan in a given situation. If another person suggests a different plan, they only
need to worry about two plans (the pre-selected plan and the new plan), which could
be simulated and compared rapidly. This is obviously overly simplistic (for example,
what about cases where the expert can’t say how optimal the best solution is, or even
what the best solution is, but can still judge whether the user’s plan is “good”?). But

it might be somewhere to start.

Temporal Reasoning

The temporal reasoning capabilities that are currently used by Pathfinder are quite
weak. A simple partial ordering on the substeps of a plan is not expressive enough
to handle many of the real plans that people have. Among other things, there is no
way to say that one step must occur during another step, or that two steps overlap by
some amount of time. It is also difficult to discuss temporal events in the state of the
world; there is no way to express the fact that a step will take place ten minutes from
now, and it is awkward to state that a particular action did not take place. A richer

temporal logic [2, 112] is needed to handle these cases.
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Misconception Features

The work on the misconception features is far from complete; many of the features have
not been fully implemented yet. Although Pathfinder already assigns fairly accurate
probabilities to the misconceptions, there are still many situations where it could po-
tentially come up with the wrong answer. For example, since permanence is currently
not used at all, a misconception resulting from an out-of-date plan hierarchy would be
improperly weighted.

Also, some of the methods that are already implemented for calculating the features
are a bit naive. Certain types of similarity are measured in a rather crude fashion (such
as matching Schedule Y1 and Schedule Y2 because of their syntactic similarity), and
other types are overly simplistic. Some new approaches to similarity, which might be
particularly relevant for substituted steps, are being explored by researchers in case-

based reasoning to help retrieve similar cases [4, 8, 13, 55, 84, 108].

Multiple Goals and Multiple Users

Pathfinder currently assumes that there is a single user with a single top-level goal.
But plan recognition in real life does not always work that way. People generally have
many background goals that they are trying to achieve simultaneously [110], which
complicates the recognition process and leads to more combinations of misconceptions,
due to the interactions of the multiple goals. And there are often multiple agents,
who may be collaborating in a single plan [44, 56]. This makes the user models more
difficult to manage, since there may be more than one user model active at a given

time. These issues are not addressed at all in the current system.

A Full Interface System

Finally, it would be very interesting to incorporate the ideas of this thesis into a full
intelligent interface system. Pathfinder is designed to be only one component of such a
system, along with a natural language understander, an expert system, and a response
generator. There are several questions that cannot be answered by just looking at a
single component. For example, there are many knowledge representation and natural
language issues that will not arise until Pathfinder is hooked up to a complete system.
What difficulties will there be in providing the semantic information that Pathfinder re-

quires? What issues are involved in constructing an appropriate response that can cover
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multiple equally likely explanations? There will clearly be other interesting research
issues that arise when the full system is put together. But once this is accomplished,
it will give intelligent interfaces the ability to accept live English input and progress
all the way to an individualized English response that is tailored to address the user’s

specific misconceptions.
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