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Abstract

Figuring out what plan another agent might be exe-
cuting is an important and difficult type of explana-
tion problem which involves a special type of knowl-
edge about plans and goals. Elsewhere, we have dis-
cussed an approach to the general explanation prob-
lem that involves adapting stored explanations to new
situations. In this paper, we review that discussion
very briefly and then examine the special issues that
arise when applying that approach to explaining inten-
tional actions, focusing on adaptation strategies that
are specifically relevant to plan recognition.

Introduction

Making sense of other agents’ actions can be hard. Re-
constructing the chain of reasoning that led someone to
believe that an action might service its goals is complex
for several reasons: (1) the other agent’s goals may be
obscure; (2) the set of goals that a given action might
conceivably serve can be large; (3) the chain of reason-
ing needed to connect actions to goals can be long and
complex; and (4), the other agent’s knowledge may be
incomplete or even incorrect.

Plan-recognition is a type of explanation problem in
which the explanations are cast in terms of goals and
intentional actions. The principal problem in design-
ing any explanation-building system is how to bring
the system’s causal knowledge to bear on a problem
so that it can efficiently infer an unseen cause of ob-
served events. In [Kass et al., 1986, Kass, 1990a,
Kass, 1990b] we have discussed an approach to the
explanation problem that involves adapting stored ex-
planations to new situations. In this paper we review
that discussion and then examine the special issues that
arise when applying that approach to explaining inten-
tional actions, focussing on adaptation strategies that
are specifically relevant to plan recognition.

Previous approaches

Approaches to plan recognition have essentially fallen
into two categories. The first approach was to chain

*This work was supported in part by the Defense Ad-
vanced Research Projects Agency and monitored by the Air
Force Office for Scientific Research under contract number
F49620-88-C-0058. The Institute for the Learning Sciences
was established in 1989 with the support of Andersen Con-
sulting, part of The Arthur Andersen Worldwide Organiza-
tion.
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inferences together on the fly, in response to each new
problem. Examples of this approach include [Rieger,
1975] and [Wilensky, 1978]. Researchers who take this
approach are led to concentrate on methods of con-
trolling the combinatorial explosion inherent in the
inference-chaining process. Parallel methods of rule ac-
tivation, bi-directional search, and application of either
domain-dependent or abstract, thematic search-control
knowledge are among their important methods.

There is another school of research that seeks to view
the entire explanation process as an indexing prob-
lem. These researchers postulate the existence of ready-
made knowledge schemas, such as scripts or frames
([Schank and Abelson, 1977], [Cullingford, 1978], [Min-
sky, 1975], [Charniak, 1977]) that will provide all of
the proper inferences, if only the right structure can
be found in memory. This is the “retrieve and apply”
school of explanation construction. Its concerns revolve
around how these knowledge structures are represented,
and especially how they are organized in memory so
that the right one can be found at the right time.

Both approaches have crippling limitations. The
script-application approach originally arose out of the
realization that the “chaining + control” method was
ignoring issues of memory. Rule-chaining systems treat
each experience as completely novel, dooming them
to perform expensive analyses every time they recog-
nized a new instance of a plan. However, the script-
application approach can only be employed when mem-
ory contains a script that precisely matches the plan to
be recognized. In order for the matching process it-
self to be relatively inference-free, it is important that
the expectations represented in a script be at a very
specific level. This means that a “retrieve and apply”
system is stymied when confronted with situations that
stray even slightly from its specific expectations. In
short, “chaining + control” is a weak approach because
it knows nothing of stereotypes, and “retrieve and ap-
ply” is limited because it knows only its stereotypes.
What’s needed is a system that knows stereotypes, but
also knows how to go beyond them when necessary.

Adaptation-based Explanation

It is possible to build a system that enjoys both the ef-
ficiency benefits of employing stored knowledge struc-
tures and the flexibility to handle novel input by ex-
tending script/frame theory in the following ways:



Augmenting the knowledge structures stored in mem-
ory, so that in addition to representing specific expec-
tations to be matched, each structure also includes a
representation of the causal inferences that underlie
those specific expectations.

Building into the system strategies that make use
of this causal annotation to adapt the structures it
retrieves when they don’t precisely match the plan
being recognized.

In this augmented theory, scripts evolve into vari-
ablized explanations (called Explanation Patterns, or
XPs for short), and “retrieve and apply” evolves into
“retrieve, evaluate, adapt, apply”. This is essentially
an application of the case-based methodology applied
to constructing explanations. (For a discussion of XPs
see [Schank, 1986], [Kass, 1986], and [Leake and Owens,
1986). For examples of some previous work relevant to
case-based reasoning see, [Kolodner et al., 1985], [Simp-
son, 1985), [Hammond, 1986], and [Sycara, 1987]). The
system uses its pre-stored stereotypes as a starting
point, but when it determines that its stereotyped ex-
planations don’t quite fit a new sitution, it can learn a
new variation on one of those explanations, which, in
addition to enabling it to understand the current input,
can be stored in memory to help process future inputs.

ABE (Adaptation-Based Explainer) [Kass, 1990b]
is an implementation of this theory that can develop
explanations of unexpected deaths and disasters by
adapting XPs stored in its memory to new contexts.
For instance, ABE can adapt an explanation of a hu-
man dying from the exertion of recreational jogging to
explain the death of a famous racehorse, or it can ex-
plain death of a star athlete by adapting an explanation
of why rock stars die of drug overdoses.

ABE employs a library of XPs containing the ex-
planations that the system has generated to solve past
problems, as well as a set of patterns that is hand-coded
intoit. ABE has a number of built-in XPs about death,
some volitional, others non-volitional. For instance,
ABE knows explanations of death involving drug over-
doses, overexertion, and terrorism. In addition to its
XP library, ABE contains a large knowledge-base of
specific facts and causal rules, and a semantic hierar-
chy for objects and actions.

The core of ABE is its library of tweaking strate-
gies. Each strategy encodes an algorithm for making
a small change to an XP in response to a specific mis-
match between the XP and a particular anomaly. There
are three main categories of tweaking strategies: Those
which replace slot fillers with causal equivalents, those
which generalize over-specific explanations, and those
which elaborate incomplete explanations. Tweaks are
more general than domain-specific heuristics, but they
are quite knowledge-based. Each tweak knows how
to search the system’s semantic memory for domain-
specific knowledge, and to use that knowledge to pro-
duce a slightly altered variation of a given XP Thus,
tweaking strategies relevant to plan recognition do not
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encode knowledge that is specific to any particular plan-
ning domain (that knowledge is encoded in the knowl-
edge base). However, they do encode general knowledge
about planning, about what can make a plan-based ex-
planation more plausible, and about how plan-related
knowledge can be found in the knowledge base. Since
explanations involving intentional actions involve spe-
cial types of beliefs and rules, it is useful for a system to
employ special memory-search and inference techniques
when modiflying these explanations. The remainder of
this paper will be devoted to illustrating these tech-
niques through a discussion of three such strategies.

Three plan recognition strategies

Explanations that involve volitional actions only make
sense if the agents involved could reasonably be imag-
ined to have performed each of the actions that the ex-
planation hypothesizes they performed. In other words,
evaluating whether such an explanation makes sense in-
volves simulating the various agents’ decision-making
processes. This requires some specialized knowledge
about motivation and decision-making. The simple
utilitarian model of decision-making which underlies
all three of the strategies described here is that an
agent weighs the positive effects of a prospective action
against the negative effects, and then decides whether
to perform the action based on whether the positive
outweighs the negative. These weighting functions are
very subjective, of course, so that in order to accept
the hypothesis that a given agent might have carried
out a particular plan, an evaluator must attempt to
understand the situation from the other agent’s point
of view. The system must simulate the agent’s ability
to project the effects of the action, then it must decide
whether the action would be worth performing from the
agent’s point of view by summing the projected positive
and projected negative eflects and seeing whether the
grand total is positive or negative. When the system’s
simulation of the agent predicts that the agent would
give a negative score to an action which explanation
claims the agent performed, the explanation will not
be acceptable. Building an acceptable variant on such
an explanation involves accounting for the discrepancy.

Let’s consider this in terms of an example story, and
how explanations can be adapted to provide an expla-
nation of the story.

The Suicide Bomber Story

A teenage girl exploded a car bomb at a joint post
of Israeli troops and pro-Israeli militiamen in south-
ern Lebanon. The bomber and a number of Israeli
soldiers were killed by the blast.!

ABE knows a standard TERRORIST BOMBING XP,
which essentially states that people who feel oppressed
will sometimes explode bombs in the vicinity of those

!See [Ram, 1989] for an in-depth discussion of many is-

sues related to understanding this story.



who they consider the oppressor. Applying that XP
to this story yields a plausible reason why the bomber
killed her victims. But that explanation has a major in-
adequacy when applied to this particular story; the fact
that the bomber did something which resulted in her
own death, which is a central part of the anomaly raised
by this is not addressed by the XP. In other words, the
standard TERRORIST BOMBING XP is inadequate be-
cause the negative side effects of the action seem to
outweigh the benefits.

The TERRORIST BOMBING XP is clearly a reason-
able starting point for understanding this story even
though it does not explain the entire anomaly. It would
be a mistake to ignore the XP entirely. But in or-
der to produce an explanation which adequately cov-
ers this story the TERRORIST BOMBING XP must be
amended with sub-explanations that explain why the
bomber might have decided that objective(s) achieved
outweighed the negative side-effects.

ABE knows several strategies for elaborating its ex-
planations in cases like this. Each strategy encodes a
method of producing a reason that the system’s sim-
ulation of the agent’s plan evaluator might have been
inadequate. Each can be conceptualized as an algo-
rithm for asking — and answering — a specific ques-
tion about the explanation. Such strategies do inference
chaining, which can potentially be expensive. However,
since they only add small sections to otherwise precon-
structed explanations, the expense is much less than
chaining together entire explanations from scratch.

In the sections that follow, we describe three plan-
recognition-related adaptation strategies in terms of the
general question that each strategy asks, examples of
how that question is instantiated to build variations on
the TERRORIST BOMBING XP that account for the
SUICIDE BOMBER STORY, and some of the details of
the memory-search and inference algorithms the strat-
egy uses to answer that question.

Elaborate motivation : Downplay negative

Underlying question: TWEAK 1 involves asking,
“Why would the negative effects of the action
be particularly unimportant to the agent?”

Example: TWEAK 1 searches for rules that indicate
reasons why one of the bad side-effects of a problem-
atic action might have been given less weight by the
agent than the evaluator would have expected. In the
suicide-bombing example, dying might have been less
important to the suicide bomber if she were convinced
that she knew she would die soon anyway, or if she
were depressed enough to have decided that it wasn’t
particularly important to go on living.

Discussion: The system’s knowledge base contain
a set of inference rules called value-system adjustment
rules. These rules indicate ways in which the desir-
ability of certain states can become raised or lowered
for a particular individual. The subcategory of value-
system adjustment rules used by this strategy are those
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concerned with reasons that the importance of a preser-
vation goal can become reduced. They are called goal-
state value decreasers, and have the following form:

e General form of a goal-state value decreaser:

Preserving goal G, will decrease in importance for
agent A if fact F is true of A.

Examples of goal-state value-decreaser rules:

. The goal of living in a neighborhood with a good
school system will become less important to A when
A’s children get beyond school age.

. The goal of staying alive may become less important
to A if A has a chronic, painful illness.

. The goal of staying alive may become less important
to A if A is deeply depressed.

Goal-state value decreasers are used by TWEAK 1 to
build a causal chain linking a state that the agent is
in, to a reason why he might not have attached much
importance to the projected negative effect. For each
of the projected negative side effects of the problematic
action, the system collects the value-decreasers relevant
to that event-type. It then tries using those rules to
construct a causal chain linking a fact about the agent
to a reason he might value the negative side effect less
than the evaluator originally predicted.

When trying to process the suicide bombing story,
the system would retrieve rules 2 and 3, and attempt
to infer that the agent was depressed or terminally ill.

Inference and memory search: There are two
components to the task of building the causal chain
mentioned above. The first is to retrieve relevant value-
decreaser rules, and the second is to build the inference
chain necessary to satisfy the antecedent portion of the
rules. Recall that each of the rules has three slots, G,
A, and F, corresponding to the goal whose value is de-
creased by the rule, the agent for whom it is decreased,
and the fact which must be true about the agent in or-
der to put the rule into effect. Retrieving rules which
may be applicable involves finding all the rules whose
G slot can be filled by any of the event types that any
of the negative side effects of the action fall into.

The steps followed in the attempt to build this chain
are as follows:

1. The first step in the process is to collect all the neg-
ative side-effects of the action.

2. These events are used to retrieve goal-state value-

decreasing rules. Event categories all have links to

rules which call for events of that category to fill their

G slots. (For example, the event category, M-DIE has

links pointing to rules like 2 and 3 above).

If any appropriate rules are found, the system then
checks to see if the fact which fills the F slot is known
to be true of the agent in question. This means check-
ing to see if the knowledge-base explicitly states that
this fact is true of the agent himself, or of a cate-
gory which the agent is in. If no such fact is re-
trieved, a limited amount of bi-directional inference



is performed to try to infer that F is true of A. The
system forward chains from the facts which are ex-
plicitly stated about A, and backward chains from
rules which would imply F, attempting to find an
intersection between the two chains. The amount of
chaining is an adjustable parameter set by the system
at large.

Elaborate motivation : Amplify positive

Underlying question: TWEAK 2 involves asking,
“Why would the positive effects of the anoma-
lous action be particularly important to the
agent involved?”

Example: TWEAK 2 is like TWEAK 1 in that it also
looks for value-system adjustment rules which might be
relevant to the story at hand, but TWEAK 2 looks for
a different kind of rule. While TWEAK 1 looks for a
rule indicating why a bad side could have been less
important than normally expected, TWEAK 2 assumes
that the negative side effects have their normal value,
and instead searches for a reason to believe that one
of the positive effects might have been more important
than expected.

For example, the TERRORIST BOMBING XP could
be made suitable to the suicide bombing story if it were
elaborated to include a sub-explanation that showed
why the death of the Israeli soldiers was especially im-
portant to the bomber; so important that it outweighed
the negative effect of the bomber’s own death. For in-
stance, since the system knows that the importance of
killing an enemy will increase for an agent if the enemy
kills a member of the agent’s family or one of his close
friends, and it knows that many Palestinians have had
family and friends killed by Israeli soldiers, it could hy-
pothesize that one of the soldiers might have killed a
friend or family member of the bomber.

Discussion: It is important to recognize that the
main focus of this strategy is not to identify a positive
effect of the action which the evaluator didn’t originally
project (ABE has another strategy — not described in
this paper — which does that). The main idea be-
hind TWEAK 2 is to isolate one of the positive effects
which the original explanation projects, and to propose
a previously-overlooked reason why the agent involved
might have placed more importance than expected on
that positive effect; in other words, this strategy works
by proposing that an agent employed a different value
system than expected, rather than proposing that he
had different expectations.

The rules used to suggest an increase in how much
importance an agent will place on a certain outcome
are called goal-state value increasers. They have the
following form:
¢ General form of a goal-state value increasers:

Achieving goal G will increase in importance for
agent A if fact F is true of A.

Some examples of value-system modification rules of
this type are:
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1. The goal of acquiring alcohol will increase in impor-

tance for A if A is an alcoholic,

. The goal of living in a safe neighborhood will increase
i importance for A if A has children.
. The goal of killing a military enemy will increase in

importance for A if the enemy directly harms some-
one close to A.

TWEAK 2 uses goal-state value increasers in a man-
ner very similar to the way in which TWEAK 1 uses
the value decreasers; the rules guide the strategy in its
search for a causal connection between the problem-
atic action and a state which the agent might have had
an exceptionally strong desire to achieve. TWEAK 2
examines the states which typically result from the ac-
tion and then searches for a goal-state value increaser
which admits one of those states in its G slot and whose
F slot matches a fact true about the agent.

It is important to emphasize that the system does
not attempt to foresee every conceivable effect of the
action. This would be too hard (the combinatorial ex-
plosion which results from considering the effects, and
then the effects of the effects, and so on would quickly
overwhelm the system); it would also be inappropriate
because the idea is to simulate the agent’s thinking, and
the agent cannot be expected to have thought through
every possible implication of his actions either. The set
searched is a smaller one: those indexed as stereotypi-
cal effects of the action, and those which are mentioned
as effects of the action by either the XP or the current
story.

With regard to the suicide bomber example, the sys-
tem would examine the effects of the bombing, principal
among these being the deaths it caused. It would then
retrieve the third of the above rules. Next it would try
to determine if the soldiers might have killed anyone
close to the bomber. Since it doesn’t know anything
directly about the bomber herself, it would examine
what it knew about categories the bomber is in. Since
the bomber is a Palestinian, and the system knows that
many Palestinians have had friends and family killed by
Israeli soldiers, it would construct the hypothesis that
perhaps the bomber had had someone close to her killed
by the Israeli soldiers, and that because of this, the
value of killing the soldiers had become elevated above
the counter-balancing desire to keep herself alive.

Inference and memory search: The following
outlines how these rules can be put to use by the
adapter to build the sub-explanations needed. Most
of the inference algorithm is quite analogous to the
one used by TWEAK 1; the main differences are that
TWEAK 2 uses positive effects and value increasers
where TWEAK 1 uses negative effects and value de-
creasers. There is one significant addition to the algo-
rithm; if the explicitly-mentioned positive effects don’t
index any useful value-increasers, the strategy adds an
extra step, in which inference is performed to determine
implications of the positive effects which are explicitly



mentioned by the XP, in order to see if the implications
link to any goal-state value increasers.

1. The process begins by collecting the events which the
original XP mentions as causal consequences of the
problematic action. These events serve as the first
candidates in the search for an event which may have
had special importance to the agent.

. The system then uses these candidate events col-
lected as indexes into the library of goal-state value
increasing rules, to see if there any rules in the knowl-
edge base which call for the collected event to fill the
G slot.

. If any appropriate rules are found, the system then
checks to see if the fact which fills the F slot is
true of the particular agent involved in this situation.
This involves checking if the knowledge-base explic-
itly states that this fact is true of the agent himself,
or of a category which the agent is in. If that doesn’t
pan out, a limited amount of forward chaining from
the facts which are true of the categories the agent
is in is done to see if F' can be inferred to be true
about the agent (the amount of forward chaining is
one of the adjustable parameters set by the system
at large).

. If any of the events collected in step 1 index a rule
which can be connected up to a category which the
agent is a member of, then a new variation on the
XP is built, incorporating this new causal chain. If
no such chain can be built then a step of forward
chaining from the events mentioned in the XP is per-
formed, to form a new set of events to use as can-
didates, and the process goes back to step 2 to look
for relevant rules again. In other words, if the im-
mediate effects of the action don’t yield any results,
then the effects of those effects are tried. The loop
continues until the forward-chaining limit is met, or
until a reasonable chain is found.

Elaborate motivation : Identify gap

Underlying question: TWEAK 3 involves asking,
“Which negative effect of his decision might the
agent not have known about, and why?”

Example: This strategy can be applied to suicide
bombing example to give a different sort of answer
than that given by the previous two strategies. In-
stead of looking for reasons why she would not have
cared about dying (as TWEAK 1 does) or reasons why
she would have been especially anxious to kill the Israeli
soldiers (as TWEAK 2 does), TWEAK 3 would elaborate
the TERRORIST BOMBING XP by identifying possible
reasons that the bomber would have failed to predict
one of the negative effects of the action, and therefore
wouldn’t have brought its negative value into the equa-
tion at all. For instance, by using this strategy the
system could hypothesize that perhaps the bomber did
not predict that she would die because she didn’t real-
ize that she would be inside the car at the moment of
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the explosion. Perhaps the people who convinced her
to perform the bombing had not told her that the car
would explode while she was inside.

Discussion: TWEAK 3 puts forth the hypothesis
that an agent performed an anomalous action because
he failed to project some negative effect of his actions.
It attempts to explain why this would be by identifying
which of the pieces of knowledge needed to infer the
negative effect the agent might have been missing

There are two phases to this strategy. So the sim-
pler part of the process is identifying a knowledge gap
which might have been involved. The harder part of
the process is to produce an explanation of why the
knowledge gap might have existed. It isn’t necessary to
do this to produce a coherent explanation, but if such
a sub-explanation is included it will make the overall
explanation more convincing.

Inference and memory search: The first phase
involves identifying a fact, F', such that if the agent
hadn’t known F, it would have caused him not to pre-
dict one of the negative effects of the action. This works
as follows:

e First, collect up each expected negative side-effect of
the action, along with the causal chain which allows
one to infer that the negative side-effect.

For each negative side-effect, F'1, there is a set
of other beliefs which comprise the inference chain
which leads to the belief in F'1. Each belief, F2 which
appears on the inference chain leading to F1is a can-
didate for a hypothesis of the form, “The agent did
not anticipate F'1 because he did not know that F2
was true.”

The second phase involves building a sub-explanation
to explain why it would be the case that “The agent did
not know that F'2 was true.” This involves explaining
why the inference leading to F2 would not take place
when the agent projected the results of his action.

Building sub-explanations must be handled by an-
other strategy, the general sub-explanation builder (not
described in this paper, see [Kass, 1990b]). Some of the
kinds of explanations relevant to why an agent might
not believe a particular fact are as follows:

e Isthere a plausible contradictory belief that the agent
might have held? For example, the bomber could
have believed that the car wouldn’t blow up while he
was inside because he believed that there would be a
time delay between when the car stopped and when

it exploded.

Could the agent have lacked the time necessary to
infer the relevant belief. Perhaps in the heat of the
moment the agent had failed to think about the fact
that her plan implied that she would be inside the
car at time of the explosion.

Could the agent have lacked the inference rule nec-
essary to infer F'2? Could the suicide bomber have
been missing the rule that proximity to the bomb is



what determines how much damage someone is likely
to suffer, and therefore failed to realize that someone
inside the car would be killed by the explosion?

A prospective knowledge gap is not considered a vi-
able candidate if ignorance of the belief would have
caused the agent to fail to predict the main positive
effect of his action. For instance, it is not reasonable to
hypothesize that the bomber did not know that explo-
sives would cause damage — even though this knowl-
edge gap would account for the bomber’s failure to pre-
dict her own death — because this would also have
caused the bomber to fail to predict that her enemy
would be killed. On the other hand, it would be rea-
sonable to entertain the hypothesis that the bomber did
not know she would be inside the car when the bomb
went off since this would break the causal chain which
leads to one of the negative side effects without break-
ing the chain leading to the main desired effect.

Conclusion

A case-based explainer depends on the availability
of adaptation strategies that know enough about the
structure of the knowledge base to efficiently perform
the memory search and inference necessary to build
variations on stored explanations in a variety of do-
mains. Because plan recognition calls for explanations
containing the special classes of inference rules and
memory links that are relevant to understanding in-
tentional actions, it also calls for a specialized set of
adaptation strategies which know how to employ those
classes of rules and links.

In this paper we have attempted to contribute to the
understanding of case-based plan recognition by pre-
senting three such strategies. While the three strategies
described here represent only a fraction of what is nec-
essary in order to account for the full range of failures
that can occur when applying old explanations to new
situations ([Kass, 1990b] describes 21 strategies; there
are probably more waiting to be discovered) they illus-
trate the kinds of knowledge that the knowledge base
must contain, and the kinds of search and inference
techniques that can be used to apply such knowledge
in building variations on stored explanations when at-
tempting to understand novel plans.
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