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Chapter 1

Motivation for Plans and
Intentions

I’d like to begin this discussion about plan and intention recognition with some of the
reasons that plans and intentions are interesting topics to study in their own right. One
may claim that a key difference between humankind and other known animal species is
our superior ability to form and execute plans. While other animals may display some
rudimentary planning capability, the extent and depth of their ability seems to be ex-
tremely limited compared to our own. To acknowledge that other species have the same
basic capability (in a limited form) begs the question of whether or not the ability to
plan is one that can distinguish us from other species. Surely it is.

We consider ourselves to be the dominant species on the planet, but it is not because of
physical size, speed, or strength (which seem factors in ordering the rest of the animal
hierarchy). It is our ability to reason and to form plans that gives us the upper hand. If
other species were able to form and execute plans as detailed and complex as our own,
the case for our dominance would be less clear. Could it be the case that our ability
to form plans is merely an artifact of the architecture of the human body and mind?
This is a possibility and seems to me a likelihood, but what of it? This does not make
planning any less important. Achieving our present state of affairs without the ability
to plan would raise a question as to its importance, but it seems extremely unlikely that
this could be the case.

1.1 Plans and Intention

It seems then, that our ability to plan is an important one. What can be said of the
importance of plans and intentions? Before answering this question, we’ll first define
some terms. Intention is difficult to put into words, even though we seem to have a
clear intuitive understanding of what it is. One can speak of intentional action, in which



case the action is being described as one that is performed purposefully. One can also
talk about intending to act, which is a description of a state of mind. Throughout this
paper we will refer to intention in this second sense, the state of mind in which one has
a commitment to act. Bratman calls this the inertia or the characteristic commitment
of intentions. They tend to resist casual change, making them useful for planning (de-
scribed below).

Plans are slightly easier to define. They are an abstract representation of the knowledge
required to achieve some goal. Some have used the term recipe to describe this sense of
the word plan. A different use of the word is to talk of “having a plan to A”. In this
case one has a recipe in mind for how to achieve A and one has the intention to achieve
A. Tt is this sense of the word plan that we will refer to throughout the paper. When
necessary to refer to the abstract data type, we will use the term recipe.

The Belief-Desire-Intention (BDI) community has chosen to represent intentions as “adopted”
recipes. These adopted recipes have the characteristic commitment associated with in-
tention, and for all intents and purposes can be thought of as intentions.! As such, the
terms plan, goal, and intention will be used more or less interchangeably throughout this
paper. The term plan will be used when we wish to emphasize the entire hierarchical
intention structure, and the the terms goal and intention will refer to the states of affairs
that the agent is committed to achieving.

1.2 Plans and Intentions in Planning

Coming back to our original question, what is the importance of plans and intentions
to planning creatures like us? Bratman indicates that intentions play a central role in
our reasoning capabilities because they are conduct controlling in a way that other ad-
ditudes are not ([Bra87]). He considers desire and intention to both be pro-attitudes,
i.e. attitudes that can motivate behavior. But only intention, because of its charac-
teristic commitment, can actually control behavior. He provides two main aspects in
which intention is conduct controlling: as a filter of admissibility and through means end
coherence.

A desire becomes an intention after it has been reasoned about, compared to other de-
sires, and committed to, all against the framework of an agent’s beliefs. From this point
until the intention is satisfied or revoked, the intention serves as a constraint on further
reasoning by screening incompatible actions. In order to act rationally, an agent should
have internally consistent plans. The intentions of the agent form the filter of admissibil-

!The author prefers to maintain a distinction, if only mentally, between the two. In natural language
understanding domains it is generally held that discourse intentions are not equivalent to plans ([LA90]).
Since natural language discourse is not discussed in any depth in this paper and the majority of the
systems we discuss bill themselves as plan recognizers, we will do the same.



ity that disallows those actions that would be inconsistent. The commitment inherent in
intention is the reason why such filtering is reasonable. One can desire conflicting things
and still be rational, so desire is clearly not suitable for this role. Intention, however,
represents those states of affairs that the agent is committed to achieving. In order to
be a consistent part of the agent’s plan, the action must be consistent with the agent’s
intentions.

Another aspect of the way that intentions control conduct is the way that they pose
subproblems to be solved. The high level intentions may not initially specify the means
by which they will be achieved. As time progresses, the agent must fill the plans to
contain at least the level of detail that he believes to be currently required. This is the
means end coherence constraint exercised by intention; a plan not filled in to appropriate
levels of detail will eventually become means-end incoherent.

So intentions (and synonymously plans) serve the important role of constraining future
planning activities. This is a necessity because of the limited computational resources
that we have available to us. Our inability to reconsider every possible option at every
moment often constrains us to making decisions based on prior deliberation. But they
also serve another fundamental purpose; they provide a framework for social interaction.

Bratman discusses both intra-personal (among one’s own plans) and interpersonal (amongst
agents) coordination. He argues convincingly that neither of these would be possible
without the characteristic commitment associated with intention. Knowing that agent
A desires to be at a rendezvous point at an appointed time does not provide sufficiently
convincing evidence that agent A will be there. As we noted earlier, an agent can desire
contradictory things, so there is no guarantee that agent A will do anything to achieve
his desire to be at the rendezvous point; he may have some other conflicting desire that
he acts upon. The agent may in fact do nothing at all because that is deemed a better
option. In contrast, Agent A’s intention to be at the rendezvous point does allow us to
expect that Agent A will attempt to be at the rendezvous point (since intention is con-
duct controlling). Furthermore, we can also expect that Agent A will be in a position to
act successfully on that intention because of the means-end coherence pressure provided
by intention. In effect, these two primary roles of intention both support the expectation
that Agent A’s intention to do something will result in A’s doing that something.

1.3 Plan Recognition

We now turn our attention to plan recognition in order to motivate it as a topic of
research. From a practical perspective, we want software to interact with users more
intelligently. The extent to which this can be achieved by merely organizing the content
presented to the user is limited. At some point software systems must begin to aug-
ment the user’s efficacy by providing appropriate resources and services at the correct



time. More generally, software systems have more information available to them than
the keystrokes, mouse-clicks, and commands that are explicitly represented. All of these
are situated in patterns of behavior that suggest intention. This is a high level informa-
tion source that has been largely ignored in simple user interfaces. As interfaces become
more complex, as they begin to incorporate modalities of human communication, inten-
tion recognition becomes a key to understanding what the user is really doing in order
that the system may collaborate.

A second independent motivation for plan recognition stems from the author’s sentiment
that any theory of intelligent agency should incorporate the ability to interact with
other agents. Principled interaction requires coordination, and coordination requires
that agents act in predictable ways. As discussed above, intentions provide this requisite
predictability, but in order to capitalize on it, agents must first be able to recognize it.
Only then can coordination efforts be successfully initiated based on mutual expectation.

Before moving on to the foundations of plan recognition, we clarify the use of the terms
plan recognition and intention recognition throughout this paper. We mentioned pre-
viously that plans and intentions will be used interchangeably. We will also use plan
recognition and intention recognition interchangeably. In instances where it is important
to emphasize the high level intention structure we will use intention recognition, but we
will use plan recognition throughout most of the paper because it is a more accurate de-
scription of the assumptions in plan recognizers: that the agent is executing a plan which
the recognizer is trying to infer. What we really want to be able to recognize, however,
is the high level conduct controlling intentions of an agent. The low level actions that
we observe are not necessarily drawn from the observed agent’s intentions and may be
just an artifact of problem solving. This topic is addressed in more detail in Chapter 5.

1.4 Outline

This chapter has provided some basic motivation for research in intention and plan recog-
nition. Humans are planning creatures, and computer systems that interact with them
should take advantage of that fact. Intentions play a central role in framing the develop-
ment of future plans, and as such will be good predictors of future behavior. Recognition
of these will allow systems to interact more naturally and with more focus.

Chapter 2 provides some basic technical materials that serve as the basis for a number
of plan recognition systems. Systems are broadly categorized as begin either logical or
probabilistic. A set of criteria are outlined for assessing a representative sample of plan
recognition systems.

In Chapter 3, five plan recognition systems are described and assessed according to the
criteria laid forth in Chapter 2. The first two are logical systems developed by Allen



and Perrault ([AP80]) and Kautz ([Kau91]). The next three are broadly character-
ized as being probabilistic and are the systems of Albrecht, Zukerman, and Nicholson
([AZN98]), Charniak and Goldman ([CG93]), and Bauer([Bau94a]). The author’s work
in plan recognition is briefly discussed as well.

Chapter 4 discusses some of the problems that plan recognizers have faced as well as some
of the research addressing them. Finally, Chapter 5 discusses some future directions for
research that are both novel and interesting.



Chapter 2

Plan Recognition Foundations

Plan recognition is informally defined as the process of inferring the plans of an agent
from observed behavior. Traditionally, observed actions are used as inputs to an in-
ference process that selects from a list of domain-specific goals a set of goals (and the
plans by which they are achieved) that the agent may be pursuing. The goals and/or
plans generated by the system will in some sense explain the actions that have been
observed. The motivation for developing such an inference procedure has already been
addressed. In this chapter we’ll address some of the basic techniques by which such
inferences have been achieved. Before discussing these methods, we first divide plan
recognition into three broad classes and discuss other criteria by which plan recognition
systems (henceforth also referred to as plan recognizers or just recognizers) may be classi-
fied and compared. The basic mechanisms employed by the majority of plan recognizers
are discussed in Section 2.3, which includes a brief introduction to the formalisms the
under-pin many probabilistic systems.

2.1 Classes of Plan Recognition

The three major classes of plan recognition differ in the type of interaction that the
recognizer has with the observed agent. The simplest case is that of keyhole recognition,
in which the observed agent is unaware of the system performing the plan recognition.
This case is the current paradigm for many software systems that perform plan recog-
nition. However, it seems that this view of plan recognition becomes less applicable as
the general public attributes more intelligence to computer systems. Eventually, users
will attribute planning and plan recognition to the software system, yielding at least
two other classes of plan recognition. The first is intended recognition, in which the
observed agent is aware of the recognizer and is actively cooperating to make its plans
inferable. This case arises naturally in the case of dialogue systems, which attempt to
interact with human users via natural language. Chapter 5 will discuss dialogue sys-
tems, which attempt to recognize plans that are specific to discourse. The most difficult



a 1. X purchases a gun
2. X goes to the bank

b 1. X goes to the bank
2. X purchases a gun

Figure 2.1: The importance of event order

of the three is the case of adversarial recognition, in which case the observed agent is
actively attempting to make the task of plan inference more difficult. This may be the
most appropriate model for warfare, business interactions, and strategy games. These
are typically situations where the agent is best suited by the ignorance of “opponents”.
Very little research has been devoted to this topic; two of the relevant works are [Pol86]
and [AFFH86]. Adversarial recognition will not be discussed further in this paper.

2.2 Criteria for Assessment

It makes sense to first delineate some criteria for evaluating different methods to plan
recognition. The first criteria that we’ll use to compare systems is the complexity of
goals that they can form. Some systems will be able to form only simple goals, while
others will be able to form conjunctive goals. For example, the system of Albrecht et.
al. [AZN98] is capable only of inferring single “quests” that the user may be engaged
in. The system as described is unable to ascribe simultaneous pursuit of multiple quests.
In contrast, the Kautz’s system [Kau91] is capable of deriving conjunctive goals. As
an example, Kautz provides an example from the Unix domain whereby a sequence of
three Unix commands results in a conjunction of two distinct goals. A special case of
conjunctive goal recognition is recognition of goals that are temporally interleaved. Even
more specific is the question of whether a single action can play a role in multiple plans.
In some artificial domains, this distinction may not have much consequence. It appears,
however, that interaction with human planners will require the capability to ascribe a
single action to multiple plans. It is often the case in human planning that one decides
to perform (a sequence of) actions because they contribute to the realization of multiple
goals. The plasticity of intention poses another challenge to recognizers. As discussed
previously, intentions involve commitment and thus are persistent. However, these inten-
tions are also subject to reconsideration and revision. Goals may change depending on
the circumstances that the agent encounters. We may also consider the ability of a sys-
tem to deal with aborted or changing goals. Can the system make any predictions when
the action sequences viewed are “noisy” in any of these regards (multiple/interleaved
goals, aborted goals)?

We may also want to consider temporal aspects of the plans that can be recognized. Can
the system recognize the importance of ordering in the observed actions? As an example,



consider the importance of order in the two event sequences shown in figure 2.2. While
previous and subsequent event sequences will play a role in a subjective assessment of
X’s plan(s), it seems intuitively that the first event sequence is more ominous than the
second. The order of the events plays a strong role in our assessment of an individual’s
plans. So it seems important that a plan recognition system be able to make distinctions
based on the ordering of events. However, it is not always the case that the order of
actions should affect inference. For example, the order in which one pours milk and
cereal into a bowl during the preparation of breakfast is largely a matter of personal
taste. In both cases, the same plan (perhaps a “prepare_cereal” plan) is being executed.
So the plan recognizer should be capable of making distinctions based on temporal con-
siderations, but also capable of ignoring temporal event order when it is appropriate to
do so.

Another consideration is whether or not the system can rank plan alternatives. A system
that indicates strength of preference among alternatives whenever it is unable to infer
a single plan is likely to be more useful than one that merely presents the alternatives
with no preference information. For example, a system may conjecture multiple plans
for the first sequence in figure 2.2 above, two of which might be: 1) X is planning to rob
a bank, 2) X is purchasing a gun for less nefarious purposes, perhaps to hunt. A system
that infers these two plans but does not provide any preference information leaves the
beneficiary of plan recognition in the position of choosing one plan from the available
options as THE plan that is being enacted. While one can rely on prior knowledge about
plan likelihoods to determine an appropriate course of action (phone the police? ignore
the observations?), the plan recognizer could have done the same thing. Furthermore,
the plan recognizer has the benefit of having examined the plan space, and thus has a
better basis for evaluating the plans.

Another aspect of recognition systems that should be considered is the restriction that
the mechanism places on the system knowledge. Most systems place constraints on the
form of the knowledge or on assumptions underlying the domain. As an example of a
constraint on knowledge form, consider Kautz’s system ([Kau91]). His system requires
(as do many) that a plan library be provided that provides plan decompositions and
abstraction relationships for each of the plans that a user may pursue. Additionally, his
system makes the domain assumption that the plan library is complete. If a plan is not
present in the plan library or is achievable in some way that is not encoded, then it will
not be recognized by the system. Constraints on the type and form of the knowledge
can thus influence the applicability of a plan recognizer. Additionally, the knowledge
required by a system can affect the feasibility of the system and the costs of its mainte-
nance. If the system relies heavily on hand-coded knowledge, then the cost of initially
specifying the system knowledge and subsequent knowledge management may be pro-
hibitive in realistic applications.

A final consideration is whether or not the system is computationally feasible. While a
system that considers all possible plans simultaneously may never make a wrong assess-
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ment of an agent’s plans, it will likely never make an assessment at all! Plan recognizers
are desirable for their utility in practical application. Ignoring the computational feasi-
bility is therefore absurd, as a system that is too computationally expensive is unlikely
to be useful in practical applications.

These criteria should serve to illuminate the strengths and weaknesses of the systems
described in Chapter 3. There are bigger issues, however, that have yet to be addressed
in plan/intention recognition. Chapter 5 will address two issues that should, in the mind
of the author, play a central role in future plan/intention recognition research efforts:
continuous plan recognition and integrated plan recognition and inference.

2.3 Models of Plan Recognition

This section attempts to delineate some of the most prominent models in the construc-
tion of plan recognition systems. Most models to date can be categorized as either logical
or probabilistic. This is not a clean-cut distinction, however. Many systems make use
of both logic and probability, and other systems seem to be heuristic based. Still, for
the purposes of this paper we will classify systems according to this distinction. A third
classification has been suggested, that of argumentative systems or abductive systems.
However, some have claimed ([May92]) that all plan recognition systems are in essence
a form of abductive reasoning. In Chapter 3 we will present one system which adheres
to an abductive philosophy more closely than most, but will again classify the system in
the space of probabilistic and logical systems.

2.3.1 Logical Plan Recognition

The traditional approach to plan recognition is a logical one. In the words of Sandra
Carberry ([Car01]),

Models of plan inference start with a set of goals that an agent might be
expected to pursue in the domain and an observed action by the agent. The
plan inference system then has the task of inferring the agent’s goal and de-
termining how the observed action contributes to that goal. To accomplish
this, the system traditionally is provided with a set of actions that the agent
might execute in the domain and a set of recipes that encode how an agent
might go about performing these actions. These recipes constitute a plan
library and include each action’s preconditions, the subgoals that comprise
performing the action, and the effects or goals of executing the action. The
reasoning performed by the system uses this domain-dependent knowledge
but is itself largely domain-independent.
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To infer the agent’s goal from the observed action, the plan inference system
constructs a sequence of goals and actions that connect the observed action
to one of the possible domain goals. This is accomplished by chaining from
actions to goals achieved by the action, from these goals to other actions for
which the goal is a precondition or subgoal, from these actions to their goals,
etc.

2.3.2 Probabilistic Plan Recognition

One alternative approach is to base the recognizer on probabilistic reasoning. This ap-
proach has the advantage of having candidate hypotheses ranked by the probabilities
assigned by the system, and this is usually cited as one of the reasons for choosing a
probabilistic framework as the basis for plan recognition. However, the probabilistic
framework that the recognizer uses may impose limits on the class of plans that can
recognized. For instance, the Dynamic Bayesian Networks discussed later in this chapter
provide only a rudimentary basis for reasoning about temporal influence. As such, sys-
tems that use them as their primary inference mechanism may fail to distinguish between
plans that are similar except for complex temporal interactions among their actions.

The general operation of probabilistic systems is to update the state of the system with
new evidence at each observation. The probabilities for each internal structure are re-
computed based on the new data, which will result in updated probabilities for the
hypotheses. The relationship between the evidence presented to the system and the
hypotheses resulting from the system are dependent on the internal structure of each
system.

Most probabilistic systems to date have been based on Bayesian Belief Networks ([Pea88])
or on Dempster-Shafer theory ([Sha76]). Bauer ([Bau94a]) and Carberry ([Car90]) have
used Dempster-Shafer theory in their plan recognition work. Albrecht et. al. ([AZN98])
and Charniak ([CG93]) have based plan recognizers on variations of Bayesian Belief
Networks. Since these formal probabilistic frameworks are used so frequently, we will
briefly introduce them both here. System-specific applications of each formalism will be
discussed in Chapter 3.

Bayesian Belief Networks

A Belief Network (BN) is represented as a directed graph, in which nodes represent ran-
dom variables and edges represent causality (see 2.3.2). Roughly speaking, the values of
a parent node have a causal influence on the values of the child node. By assumption,
each node is conditionally independent of all other non-descendent nodes given the values
of its parent nodes. This allows a specification of the full joint probability distribution
(which normally requires a number of probabilities exponential in the number of nodes)
to be specified via a conditional probability distribution (CPD) for each node. A CPD

12



(inst 1ss3 liquor—shopping)
(inst gol go-) (ins Is2 liquor—store)

(= (go—stp 1ss3) gol) (= (store—of 1ss3) 1s2)
(= (destination gol) 1s2)

Figure 2.2: An example Bayesian Belief Network from [CG93]

specifies the probability of each value that the node may take for every combination
of the parent node values. Root nodes (those with no causal parents) are simply as-
signed an a priori probability distribution over the values that the node may take. For
sparsely connected networks, this results in the need for exponentially fewer probabilities.

The joint probability distribution specifies the relationship between any pair of random
variables, and can therefore be used to compute the posterior probabilities of any set of
nodes conditioned on any other set of nodes. Using the chain rule, the joint probability of
a BN can be computed from the CPDs at each node. These posterior probabilities repre-
sent beliefs about the propositions contained at the nodes. Beliefs are updated by placing
evidence on the network (fixing the value of some nodes) and re-computing the posterior
probabilities. This is the method by which plan recognition occurs in systems based on
belief networks. Domain goals are represented as top level nodes in the BN. These are
causally linked to children nodes representing variables of interest that are affected by
the goal. For instance, the goal node might represent a particular food cooking activity
and a child node may represent the main ingredient used in the cooking activity. Clearly
there is a causal relationship between the food being prepared and the main ingredient.
However, information can also propagate from children to parent. If an observation is
made for one of the child nodes (i.e. the main ingredient in the current example), then
parent nodes are constrained by this observation, and their posterior probabilities will
reflect the evidence placed on the child node. Plan recognition in systems based on BNs
works in this fashion. Evidence due to observations constrain probabilities on hypothesis
nodes elsewhere in the system.
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BNs by themselves do not provide an explicit mechanism for dealing with temporal re-
lationships between propositions. One technique introduces multiple nodes representing
the same proposition at different instances in time. Nodes representing the value of the
proposition at earlier times are generally causally related to the nodes representing the
value of the proposition at a later time. This technique results in Dynamic Belief Net-
works, named so because new nodes are continually being introduced into the network
as time progresses. This method introduces a linear notion of time into the system and
allows the values of a proposition at various times to be considered as evidence. We will
discuss Dynamic Belief Networks again when we discuss [AZN98].

Dempster Shafer Theory

One criticism of probability theory is that there is no provision for representing the degree
of uncertainty about the probabilities involved. Consider the case of trying to predict the
outcome of a future coin toss based on the outcomes of a sequence of coin tosses. After
seeing three heads in four coin tosses, a maximum likelihood estimation of the probabil-
ity that heads will be seen on the next coin toss is 75%. A different estimation technique
may assign a different probability to the same event, but no estimation relying solely on
probability theory will provide a measure of confidence in the estimate. ! Consider now
the case where 1000 coin tosses have been observed, with 750 heads having been observed
in this sequence. Again, the maximum likelihood estimation technique predicts that a
head will be seen on the next coin toss with a probability of 75%. This time, however,
the probability is likely to be much more accurate. In both cases, the same probability is
used to represent the probability of seeing a head on the next coin toss even though there
is clearly some difference in the confidence that we would place in each of these estimates.

Dempster Shafer Theory (DST) is introduced in [Sha76], and provides a concise rep-
resentation of both the uncertainty of an agent’s knowledge as well as the degree of
incompleteness or ignorance. DST has the notions of an evidence space (6) and a hypoth-
esis space (). The evidence space represents the possible observations that can be made
and the hypothesis space represents all of the possible explanations. The basic idea in
DST is that observed evidence induces an evidence mass on supporting hypotheses. It is
a generalization of probability because it allows probability to be assigned to subsets of
the hypothesis space instead of limiting it to individuals (c.f. probability theory). The
generalization from a probability function is a basic probability assignment (bpa). A bpa
m maps any subset of the hypothesis space to the interval [0, 1] with the constraint that
> x m(X) = 1. Probability mass assigned to a subset of the hypothesis space represents
ignorance about the exact distribution of the probability among the members of the
subset.

'In general, probability theory tells us only how to compute exact probabilities. Confidence interval
techniques are an extension of probability theory; the semantics of update are not specified within
probability theory.
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To clarify this description, consider the coin tossing experiment above. In this situation,
the evidence space is the set of potential observations, namely that the outcome of a
coin was either heads (H) or tails (T), so § = {H,T'}. Since we are trying to predict the
outcome of a future coin toss, the hypothesis space is the same: Q = {H,T}. Observing
the outcome of a single toss gives only partial information about the nature of the coin.
BPAs allow us to specify this uncertainty by assigning mass to subsets of the hypothesis
space. The BPA h that assigns mass .5 to {H} and .5 to {H, T} has assigned mass to
the hypothesis H and to the disjunctive hypothesis H V T'. Intuitively this is reserving
judgement about whether or not 7' is an actual possibility, and would be an appropriate
evaluation after seeing a single coin toss whose outcome was H. Similarly, a BPA ¢ may
be defined for the situation where a single outcome 7" has been observed.

Given a BPA m, one can obtain upper and lower bounds on the probability of any subset
of the hypothesis space according to the following belief and plausibility functions:

Bel,(A) = ) m(B)

BCA

BNA#D

Belief represents the lower bound on the probability mass assigned to the set A and all of
its subsets, while the plausibility represents an upper bound on the probability mass that
could eventually come to rest on A and its subsets. Hence the range [Bel,,(A), Pl (A)]
represents the range in which the under-specified probability of the set A lies. The belief
and plausibility bounds for heads and tails using the h BPA in the current example are:

[Beln(H), Plp(H)] = [.5,1]
[Bely(T), Pl (T)] = [0, .5]

Finally, the Dempster rule of combination can be used to combine two BPAs to form
another BPA. The rule is given by:

_ ZBlﬂBQ:A m1(B1)ma(Bz)
(s & ma)(A) = = i (Bryma(Bs)

DST is often used as an update mechanism for probabilistic systems. As new evidence is
obtained, a BPA (representing belief in hypotheses based on the evidence) is combined
with the current BPA (representing current belief in hypotheses) using Dempster’s rule
of combination.

Let’s consider how these elements of DST can be combined in the context of the coin toss-
ing experiment. A reasonable starting BPA before any coin tosses have been seen might
be myg such that mo({H,T}) =1 and mo(X) = 0 for all other subsets of the hypothesis
space. The BPAs h and t defined above seem to reasonably represent the information
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obtained by observing the outcome of a single coin toss. The information from observa-
tion of a single coin toss with outcome H is contained in h. We can use Dempster’s rule
of combination to obtain a new BPA that reflects this additional information:

mi=mo®h=(<{H},.5><{H,T}.5>)

Observation of two more H outcomes would warrant two more applications of Dempster’s
rule of combination:

7 1
m3:m1€Bh€9h=(< {H}’g >a<{H7T}7§>)

The belief and plausibility for H and T after these observations:

[Bely (HL), Pl ()] = [£,1]
1

[Belm, (T), Plm, (T)] = [0, g]
The important thing to notice here is that the probability mass is shifting from the
{H, T} hypothesis to the H hypothesis as we obtain more information. Next consider

the observation of three T' outcomes. The resulting BPA and belief and plausibility:

7 7 1
me=ms®tOtOt = (< {H},E>,<{T},E >’<{H’T}’E >)

[Belmg (H), Plony ()] = [, 2]
[Beliny (T), Pl (T)] = [, =

DST is used in a similar manner for plan recognition. In this case, the observations
that can be made for a domain (i.e. boil water, make spaghetti from a cooking do-
main) comprise the evidence space. The plans that the agent could be executing com-
prise the hypothesis space. A historical BPA is maintained that includes information
from all observations. Additionally, each element of the evidence space has an asso-
ciated BPA that indicates the mass which it assigns to each subset of the hypothesis
space. These evidence mass BPAs are unchanging, but the historical BPA changes
to reflect the sequence of observations. When a new observation is made, the corre-
sponding evidence mass BPA is combined with the historical BPA and the historical
BPA is updated with the new information. To be concrete, the BOIL-WATER action
may have associated with it the BPA bw := (< {MAKE — SPAGHETTI},.5 >, <
{MAKE — SPAGHETTI,MAKE — FETTUCINI},.5 >) which indicates that the
agent may be boiling the water in order to make spaghetti or to make fettucini, but
admits some uncertainty. This information can be combined with the historical BPA to
yield the new assessment of plan probabilities.

In practice, a more complex variant of DST is necessary to handle observation of abstract
actions (uncertainty as to which specific action was performed) and to recognize abstract
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plans. In addition, does not directly concern itself with temporal considerations, so plan
recognition systems that use it as a hypothesis evaluation method must address these
concerns in another manner. These modifications will be addressed in Chapter 3 with
the discussion of [Bau94a).

2.4 Summary

This chapter has provided a brief description of some criteria for classifying and assessing
plan recognition systems, and has reviewed some of the basic uncertainty models that
underly the probabilistic reasoning systems that will be introduced in the next chapter.
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Chapter 3

Plan Recognition Systems

This chapter discusses a number of plan recognition systems, beginning with some of
the early logical foundations and then addressing more recent probabilistic systems (not
necessarily chronologically). The systems of Allen and Perrault ([AP80]) and Kautz
([Kau91]) typify logical approaches and are discussed below in detail. Probabilistic
techniques have been used independent of and in combination with logic. The system of
Albrecht, Zukerman, and Nicholson ([AZN98]) is discussed as representative of the former
approach and the systems of Charniak and Goldman ([CG93]) and Bauer ([Bau94a]) as
representative of the latter.

3.1 Logical Systems

Most plan recognition systems have some logical component; all but one of the systems
discussed in this chapter make use of a plan library which is invariably represented using
predicate calculus or an equivalently expressive formalism. This is not surprising; infer-
ring the structure of plans seems to require at the very least a knowledge of the actions
that can be performed and possibly additional information regarding their interactions.
This type of knowledge has long been represented in planning systems in a logical form.
The expressiveness of logic and familiarity with planning machinery made the reuse of
logically represented plans a natural choice. Thus, many systems have at least a logical
representation of the plans that can be inferred; we characterize as logical those systems
which rely primarily on logical reasoning mechanisms (i.e. deduction, circumscription,
forward/backward goal chaining, etc.) in order to infer plans.

3.1.1 Allen and Perrault

Some of the earliest work on plan recognition is that of Allen and Perrault ([AP80]).
Their system focused on reproducing a specific form of human question answering be-
havior. They observed that when answering questions, the human agents manning infor-
mation booths in a train station often provided more information than they were asked
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for. In order to account for this behavior, Allen and Perrault analyzed the structure of
these dialogues and attributed plan recognition to the agents manning the booth. They
argued that when a patron approached the information booth with a question, they were
acting on a plan to obtain some required knowledge in order that they might carry out
their travel plans. In order to facilitate the needs of the patrons, the information agents
had to recognize these plans based on the questions that they were asked. Once they
had inferred the patron’s plan, they could then perform obstacle detection to find out
what obstacles might prevent the patron from performing the plan. In the train sta-
tion domain, this typically meant that the patron did not have the requisite information
regarding the particulars of the station operation. Once the obstacles (missing informa-
tion) had been detected/inferred, the information agent could respond to the question by
providing the information that the agent deemed necessary for fulfillment of the inferred
plan. Often this meant providing more information than just the information specifically
requested.

The system described in [AP80] used defeasible inference to infer a patron’s plan from
a proffered question. These type of rules allow a reasoner to make a plausible but
non-deductive inference. A sequence of defeasible inferences makes no guarantees of
correctness. These inference rules were termed the plan inference rules for their role in
determining the patron’s plan based on observations. The system also made use of plan
construction rules which were similar, but allowed deductive inferences in the opposite
direction. These rules were generally used to construct plans similar to the ones that the
information agent hypothesized that the patron must be making. In the following rule
descriptions, the terminology ©B should be read “© believes”, and ©W should be read
“O wants. Thus, SBAW(®) should be read “S believes that A wants ®. In this context,
AW(®) (equivalently, “A wants ®”) indicates more than just a desire on A’s part for @
to come about. It indicates A’s intention to bring about ®, where intention takes the
meaning described in Chapter 1.

Plan Inference Rules

Sample plan inference rules in the system were:

1. SBAW(P) = SBAW(ACT), if P is a precondition of ACT.
This rule allows the recognizer to make the inference that A wants to perform ACT
based on the belief that A wants for proposition P to be true and the fact that P
must be true in order for ACT to be performed. If ACT is heaping food on a plate
and P is reaching the front of a queue, then the observation that A wishes to reach
the front of the queue would warrant the conclusion that A wishes to heap food
on a plate.

2. SBAW(B) = SBAW(ACT) if B is part of the body of ACT.
This rule allows the recognizer to infer the intention of A to perform a larger action
based on the belief that A wishes to perform a smaller part of that action. If B is
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piling food on a plate and ACT is eating dinner, then the observation that agent
A wishes to pile food on a plate warrants (under this rule) the conclusion that A
wishes to eat dinner.

3. SBAW(ACT) = SBAW(E) if E is an effect of ACT.
This rule allows the recognizer to infer from belief that A wants ACT to come
about that A wants E to come about, when E is an effect of ACT. If the effect
E was the state of satiety achieved by executing the action ACT of eating dinner,
then an observation of A eating dinner would warrant the conclusion that A wanted
to bring about a state of satiety.

4. SBAW(A KNOWIF P) = SBAW(P).
This rule allows the recognizer to infer from the belief that A wants to know
whether proposition P is true that A wants P to be true. If P were the proposition
that lunch was free, and S believed that A wanted to know whether lunch was free,
then S could use this rule to infer that A wanted lunch to be free.

5. SBAW(A KNOWIF P) = SBAW(—P).
This rule allows the recognizer to infer the opposite conclusion from the above
rule. Intuitively, this is because an agent may be curious about the status of a
proposition for one of two reasons. The agent either wishes the proposition to be
true or to be false.

Examination of any these rules may cause the deductive reasoner to cringe. The con-
clusions (or rather hypotheses) reached by these rules are non-deductive and are not
assumed to be entailed by the observations. They are meant only to be plausible causes
for the observation.

Plan Construction and Heuristics

Examining the last two of the plan inference rules, it is clear that there are multiple ways
to extend some of the observations. The single observation that A wants proposition P to
be true can generate two contradictory hypotheses by applying different rules. The con-
tradictory nature of the hypotheses is not a problem, as each is a plausible cause for A’s
wanting to know the truth of proposition P. The important fact is that one observation
can be justified by multiple causes. In general this becomes a problem for all backward
chaining algorithms. Such algorithms start with an observation and reason backward to
all of the potential causes of the observation. For each of these potential causes, they
reason backward to further causes, continuing until the search space has been exhausted
or until some system imposed limit on the amount of reasoning has been reached. Two
methods of dealing with the combinatorial search space are employed by this system.

The first technique is the use of expected plans to limit the search space. Plan con-
struction rules were used to expand expected plans in a top-down fashion; presumably
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these would intersect with the viable plan hypotheses, limiting the search space. The
train domain for which this system was developed has a small number of top-level goals
that will almost always drive the behavior of participants. Agents will likely approach
an information booth to request train departure or arrival times and locations. Allen
and Perrault encoded these top level plans as expectations, and favored plan hypotheses
that tended to conform to these expectations. A “null” explanation was provided to
handle the case that an agent was pursuing an unexpected goal. While this approach
is somewhat limited, it seems to mimic a crucial facet of human reasoning. We often
have expectations regarding the behavior of others, and reason according to these ex-
pectations. It should not be difficult for any reader to recall cases where behavioral
expectations have lead to misinterpretation of another’s plans.

Heuristic ranking of partial hypotheses is the major technique that Allen and Perrault
used to manage search complexity. Six domain-independent heuristics in three categories
adjust the priority of each hypothesis as it is created. The control architecture for plan
inference is based on a priority queue. The most promising task is pulled from the queue
and is executed. Each task execution yields a new set of tasks with updated priorities,
based on the heuristics below:

H1 (Action Based) Decrease the rating of a partial plan if it contains an action whose
preconditions are false at the time the action starts executing.

H2 (Action Based) Decrease the rating of a partial plan if it contains a pending or
executing action whose effects are true at the time that the action commences.

H3 (Expectation Based) Increase the rating of a partial plan if it contains descriptions of
objects and relations in its alternative that are unifiable with objects and relations
in its expectation.

H4 (Search Based) Increase the rating of a partial plan if the referent of one of its
descriptions is uniquely identified. Decrease the rating if it contains a description
that does not appear to have a possible referent.

H5 (Search Based) Increase the rating of a partial plan if an intersection is found
between its alternative and expectation, i.e., they contain the same action or goal.

H6 (Search Based) Increase the rating of a partial plan each time an inference rule is
applied.

The action based heuristics (H1 and H2) affect task priorities based on the likelihood
of their hypothesized plan being true given the relationship action effects and precondi-
tions to the state of the world at the time of action execution. Intuitively they capture
the notion that an agent will tend to construct realistic/achievable plans; inefficient and
unachievable plans are penalized by the action based heuristics. If the action precondi-
tions are not met when the action is performed, then the hypothesized plan is unlikely
to be correct, and hence it is penalized by (H1). If an action’s effects have already been
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achieved at or before the time of execution, then the hypothesized plan is unlikely to be
one that the agent is pursuing, and hence it is penalized by (H2).

The expectation based heuristic (H3) reduces search by focusing on expansion of those
partial plans that seemed most likely to merge with expectations. Expected plans and
inferred plans were considered to match to the extent that they referred to compatible
objects and relations.

The search based heuristics attempted to increase search efficiency by considering speci-
ficity of plan hypotheses. A more specific plan that referred to a uniquely identifiable
object was given higher priority than one that did not appear to refer to any domain
object (H4). Similar to the expectation based heuristic (H3), heuristic (H5) gives higher
priority to those plans that resemble expectations. Plans that share an action or goal
with an expectation have some likelihood of having common references uncovered by
expansion. Finding these commonalities may yield quicker termination of the search.

Evaluation

As one of the early works in plan recognition, this system began to address the difficul-
ties inherent to the task. The logical approach to plan recognition carries the baggage
of a combinatorial search space that must be efficiently searched in order to provide a
computationally feasible system. While there is little mention of system performance in
[AP80], it appears that the limited domain and the heuristic search made the system
computationally feasible. There were an extremely limited set of top-level plans that
could be recognized (meeting a train and catching a train), which bounded the size of
the search space through the plan construction focusing mechanism. A more extensive li-
brary of domain plans would have substantially impacted the performance of the system.

The limited nature of the plan library recognized by the system limits its applicability.
Plan libraries of this sort can be expanded, but at the cost of computational efficacy.

The system could make predictions based only on a single observation, and the predic-
tion could be only a single plan/goal. Since it dealt only with a single utterance at a
time, it did not have to address issues of interleaved, overlapping, or noisy observations.
Likewise, issues of temporal orderings are moot. Clearly these are all very limiting to
the applicability of the system, but this work serves largely as a jumping off point for
exploration into models of dialogue and plan recognition. It serves as a basic foundation
that has been extended and improved (e.g. [LA90], [Car90]). Particularly important are
the introduction of heuristic search control and the effect of prior expectation as methods
of constraining search in the plan space.
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3.1.2 Kautz

One potential criticism of Allen and Perrault is the use of heuristic means to derive the
single most plausible plan inference. Other things considered equal, we would gener-
ally prefer a more formal approach, one in which the underlying formal model provides
guarantees about about the validity of its results. Of course, other things are not often
considered equal, making the heuristic approach a viable alternative.

System Overview

A particularly elegant formulation of the plan recognition problem is introduced by Henry
Kautz ([Kau90], [Kau91]). Kautz leverages McCarthy’s circumscription ([McC80]) as a
basis for plan recognition. The generality of this approach makes it applicable to many
different domains, whereas previous systems had been often designed with a specific
domain in mind (story understanding for example). His motivation for such an approach
was the lack of a theoretical basis for the various control decisions made in other plan
recognition systems. As an example, he cites the work of Hobbs and Stickel ([HSMES8])
and Allen ([All83]). Hobbs and Stickel use an abductive approach in which a plan is
considered a plausible inference if the plan and any necessary domain assumptions entail
the observed evidence. As Kautz points out:

Furthermore, even if the recognizer has complete knowledge and the agent
makes no errors cases naturally occur where no plan actually entails the
observations. ... In order to make abduction work, therefore, the plan (or
explanation) must be able to also include almost any kind of assumption...yet
the assumptions should not be so strong as to trivially imply the observations.

The theoretical justification for methods of assuming and incorporating these assump-
tions is missing. Allen’s system, on the other hand, makes use of unsound inference
rules. The system relies on theoretically unjustified (but intuitively plausible) heuris-
tics to decide which rules to apply and at which point to stop applying them. Given
this motivation, Kautz provides a theory based on circumscription that specifies “the
assumptions the recognizer makes without recourse to a control mechanism lying outside
the theory”.

Kautz modeled the plan library as a set of first order logical formulas (which he termed
the event hierarchy). Each event in the hierarchy represented a plan or an action that
could be performed by an agent in a particular domain. The hierarchy provided all
necessary knowledge about abstraction, decomposition, and temporal relations between
events. In order to provide footing for a discussion about the assumptions made by the
system, we provide the following description of the event hierarchy taken from [Kau91]:

An event hierarchy H contains the following parts, Hg, Ha, Hgp, Hp and Hg:
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1. Hg is the set of unary event type predicates. Hg contains the distinguished pred-
icates AnyFEvent and End. Any member of the extension of an event predicate is
called an event token. AnyFEwvent is the most general event type, and End is the
type of all events which are not part of some larger event.

2. Hy is the set of abstraction axioms, each of the form:
Vz.Ei(z) = Ea(x)
for some FE1,FEo € Hg. In this case we say that FEo directly abstracts E1. The
transitive closure of direct abstraction is abstraction; and the fact that Fs is the
same as or abstracts E; is written Es abstracts= F; AnyFEvent abstracts= all
event types. The inverse of abstraction is specialization.

3. Hgp is the set of basic event type predicates, those members of Hg that do not
abstract any other event type.

4. Hp is the set of decomposition axioms, each of the form:
V.’IJE()(.T) = El(fl(.’L')) A EQ(fQ(.T)) Ao A En(fn(m)) ANK
where Fy, ..., E, € Hg; fi,..., fn are role functions; and « is a sub-formula contain-
ing no member of Hg. The formula x describes the constraints on Fy. E7 through
E, are called direct components of Ey. Neither End nor any of its specializations
may appear as a direct component.

5. Hg is the set of general axioms, those that do not contain any member of Hg. Hg
includes the axioms for the temporal interval relations, as well as any other facts
not specifically relating to events.

Assumptions

In order to perform plan recognition, Kautz’s system makes a number of strong assump-
tions about the plan hierarchy, and hence about the domain in which it is reasoning.
These assumptions turn out to yield exactly the same models as circumscription of cer-
tain parts of the hierarchy, and hence is equivalent to circumscription. We now briefly
introduce each of the assumptions that Kautz made, and delay further discussion until
the evaluation. We will use the cooking domain portrayed in figure fig:cookingworld as
presented in [Kau91].

The first assumption is the Exhaustiveness Assumption (EXA), which states that the
occurrence of each event is also an occurrence of at least one of its specializations. This
assumption is achieved by adding a set of formulas of the form:

where each of the F; are directly abstracted by E in H 4. Consider the observation of a
MakeSauce event. Then the EXA warrants the conclusion that this event is an event
of type MakeMarinara, MakeAlfredoSauce, or MakePesto. By the transitivity of
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Figure 3.1: Part of the cooking microworld of [Kau91]
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implication, this assumption states that every observed event will be an instance of one
or more of the basic event types. Kautz shows that this is equivalent to minimizing the
non-basic event types; formally stated:

HyUEXA < Circum(Ha,Hg — Hgp)

The circumscription formula Circum(S, 7) is the circumscription of the predicates in 7
relative to S.

The second assumption is the Disjointness Assumption (DJA), which states that all
incompatible event types are disjoint. T'wo event types are considered to be incompatible
when they do not share a specialization (either directly or via the transitive closure of
specialization). This assumption is achieved by adding formulas of the form:

Vz.mEi(z)V ~Es(z)

where F; and F5 are incompatible event types. Kautz shows that adding this assumption
to the first assumption is equivalent to circumscribing all event predicates except for
AnyFEvent. Formally:

HyUEXAUDJA & Circum(HyUEXA, HE — {AnyFEvent})

This is simply placing each event into the extension of as few event type predicates as
possible. An event will not be of two different types unless they are compatible, i.e. they
share a specialization.

The third assumption is the Component Usage Assumption (CUA), which states that
each non-end event must be part of the decomposition of some other event. Formally,
this can be expressed using formulas of the form:

Va.B(z) = End() v\ Gy-Ei(y) A fi(y) = )

1

where each of the F; are events in which an event of the type E is part of the decom-
position. This assumption plays a primary role in implementing plan inference in this
framework. It warrants the conclusion of a higher-level plan from observation of lower
level actions. For instance, observing an instance of MakeSauce, it allows one to con-
clude MakePastaDish V MakeChickenMarinara. Kautz showed that this assumption
is equivalent to the following circumscription:

HUEXAUDJAUCUA & Circum(HUEXAUDJA,Hg — {End})

The final assumption needed needed in order to produce reasonable plan inferences us-
ing this circumscriptive approach is the Minimum Cardinality Assumption (MCA). This
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assumption states that the number to top-level End events should be minimized. Intu-
itively, this assumption prefers to ascribe as few simultaneous top-level plans to an agent
as possible. Circumscription is formulated in terms of set-wise minimization and hence
is not suitable for this type of minimization. Under circumpscription, a model in which
the extension/interpretation of End is {C'} is not preferable to one in which its extension
is {A, B} because the former is not a proper subset of the latter. In order to achieve
cardinality minimization, Kautz outlined an approach in which a sequence of formulas
admitting successively more top-level events are checked consecutively for consistency.
The earliest in the sequence that is shown to be consistent (using some upper bound on
the amount of computation) is used to determine the recognized plans. The formulas
used to implement this operation take the form:

MA, Vz.mEnd(z)
M A, Vz,y.End(z) AN End(y) =z =1y
MA, Vz,y.End(z) A End(y) A End(z) = (z=y)V(y =2) V (z = 2)

Evaluation

The formalism of circumscription provides an elegant framework for building a theory of
plan recognition. It does however, require some strong assumptions about the domain
in which the recognizer will be deployed. We will first discuss the limitations that arise
from these assumptions, and then continue to discuss this theory of plan recognition in
light of the other criteria laid out in the previous chapter.

The EXA formulas are essentially a closed world assumption, stating that any event rec-
ognized by the system will be one of the basic types (those that are members of Hgp).
This assumption requires a domain in which this condition can formally be shown to
hold, or in domains where incorrect or incomplete output (resulting from inferences
based on incomplete hierarchy information) is acceptable. As such, this seems to limit
the usefulness of the system to domains in which the set of available actions is relatively
static. This problem is similar to one that will be shared by a number of plan recognizers;
a problem of knowledge limitation. The biggest difference is that a system that makes
closed world assumptions (i.e. the EXA and others) risks making erroneous inferences
regarding plans as opposed to just being incomplete.

The DJA formulas are another type of closed world assumption, stating that event types
cannot be of multiple types (multiple inheritance) unless specifically indicated in the
abstraction hierarchy (H4). Furthermore, the algorithms that Kautz outlines in [Kau91]
will not handle multiple inheritance in the abstraction hierarchy. This seems quite a
limitation, as most real-world applications would seem to require this capability. The
hypothetical MakeM eat Ravioli action can not be included in the hierarchy as a special-
ization of both MakeMeatDish and MakePastaDish, limiting the type of inferences
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that the system could make. One alternative is to derive sets of mutually exclusive cat-
egories (MakeMeatDish, MakePastaDish, MakeM eatPastDish), but this can cause
an explosion in the size of the hierarchy.

Perhaps the most constraining assumptions are the CUA and the requirement that cer-
tain top-level events be specified (which has been criticized by some researchers, e.g.
[CGY3]). These assumptions do not admit actions for the sake of action. The knowledge
engineer has to decide whether the event/plan for eating dinner is a top-level event wor-
thy of pursuit by itself, or whether it is a means to some end, perhaps a self-nourishment
plan. Additionally, the decomposition portion of the hierarchy (Hp), seems to admit
only a single decomposition for each action. This seems a difficult limitation to work
with, especially for “creative” domains where it is possible to achieve a goal in many
different ways.

The final assumption that the number of top-level events should be minimized has also
been called into question ([CG93]). Charniak uses the medical domain as an example
where multiple simple causes may be preferable to a single complex cause. Though the
intuition behind this minimization criterion seems intuitively plausible, this criticism is
also valid. Again, the assumption has limited the number of domains and situations in
which the recognizer can be effectively used.

Another potential weakness is this method’s inability to rank the alternatives that are
generated. Even though one alternative may be much more likely than others given the
data, all are presented as being equally viable options. Any system which makes use of
such output must be able to reason about the plausibility of each plan in deciding how
best to proceed. This issue tends to be the major motivation for probabilistic systems.

A final criticism is the computational feasibility. Though Kautz provides an implemen-
tation of a subset of the theory, it is unclear how efficiently the algorithm that Kautz
describes can perform.

The strength of this method is in its generality. It can recognize multiple plans enacted
simultaneously (conjunctive goals), with interleaved actions. As soon as a contradiction
is detected with the current assumption about the number of goals, another top-level
event is postulated, allowing recognition of multiple goals. This mechanism also grace-
fully handles repeated actions (as might happen if the action fails to produce the desired
effects), since they will be assumed to be part of the same plan so long as it is consistent
to do so. Aborted plans will either be incorporated into an ongoing plan if it is consistent
to do so, and will otherwise be reported as a separate, under-specified plan. Similarly
for extraneous actions.

Temporal interactions between events is also handled gracefully. Any temporal restric-
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tions between sub-events in the decomposition of a higher-level event (specified in the
portion of the formulas in Hp) will be respected. If observations specify the temporal
information that contradicts the restrictions in the decomposition, then the correspond-
ing actions will be allocated to different higher-level events. If there are no temporal
restrictions, then the events will be considered to be part of the same higher-level events
as long as it is consistent to do so.

The elegance and generality of this method are very appealing, addressing a number
of problems present in previous systems. However, the strong assumptions about the
domain and computational seem to limit the practical usefulness of the system.

3.2 Probabilistic Systems

The next set of systems addressed in this paper use probabilistic and uncertain reasoning
methods in their approach to plan recognition. These methods seem to be motivated
strongly by the desire to incorporate prior likelihoods of various plans. Some plans are
much more plausible than the alternatives at explaining a sequence of observations, and
these systems make an attempt to differentiate between likely and unlikely alternatives.
The first two rely on Bayesian Belief Networks and the third relies on Dempster-Shafer
theory (both introduced briefly in Chapter 2).

3.2.1 Albrecht et al.

Albrecht et al. discuss keyhole plan recognition in the context of a multi-user dun-
geon (MUD) adventure game ([AZN98]). Their work is part of a trend to leverage ma-
chine learning techniques to alleviate some of the difficulty of hand-constructing domain-
specific plan libraries. Some other work in this vein will be discussed in a subsequent
chapter (4). The aspect that will receive most of our attention in this section is the
probabilistic framework used in [AZN98].

MUD Domain

One of the goals of this work is to implement goal and plan recognition in an envi-
ronment that resembles the complexity of real-world systems. The “Shattered Worlds”
MUD is a text-based virtual reality game containing over 4700 locations and 20 different
quests (goals). While the number of locations seems to approximate real life scenarios,
the number of quests seems to be somewhat smaller than what one would attribute to
human agents in general. However, limiting the scope of a plan recognizer to a specific
domain (virtually mandatory with current state of the art) makes this number of goals
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seem more reasonable. One would still like to see results with a larger number of poten-
tial goals. One feature of real-world systems is the noise that may be introduced into
observations. This system must contend with noise that comes in the forms of spelling
mistakes, typographical errors, conversation between users (which is not goal oriented),
newly defined commands, and abbreviations of commands. Typical users execute some-
where between 25 and 500 actions in the course of completing a quest, based on the
difficulty of the quest and proficiency of the user. Often, only a fraction of these actions
actually contribute to the success of the quest since users may not know what actions
are required to complete the quests. Thus, long-term and incremental evidence must be
effectively handled in order to effectively predict user goals.

There are a number of other domain features with which this system must deal, some
of them not addressed by the systems discussed previously. Many of the quests may be
achieved in multiple fashions, and some sequences of actions may accomplish more than
a single goal. The system of Allen and Perrault did not have to deal with sequences
of events, and thus avoided these types of problems. Kautz’s system assumed a single
method of achieving each goal, but could recognize the solution of multiple goals from a
sequence of actions. An issue particular to this system is the limited interface with the
game; however, the information provided to the recognizer (the agent’s current location,
actions performed, and system notification of question completion) is more than the
other systems have assumed. This system does have the added complexity of predicting
the user’s location and next action in addition to the current quest. Some goals have
ordering constraints on the actions necessary to complete them while others do not. Fi-
nally, the outcome of a user’s action is uncertain; the performance of the action is not
sufficient to guarantee the intended effect.

Implementation

Albrecht et al. use an extension of Bayesian Belief Networks (BN) called Dynamic Be-
lief Networks (DBN), which allow for temporal reasoning to accommodate a constantly
changing world. Change is modeled by letting the BN grow over time, representing the
state of each domain variable by a series of DBN nodes (see Figure 3.2). A typical
assumption is that such variable nodes are dependent only on the previous state of the
variable (the Markov assumption); furthermore, only some limited number of variable
states are maintained (a window) in order to reduce the state space.

Three domain variables are modeled in the DBN’s used by Albrecht et al for maintaining
state and prediction:

1. Action (A) This represents the possible actions that the player may perform in the
MUD. There were 4904 unique actions present in the data that this system was
trained on. This variable may also have the other action as a value, representing
all actions that were not observed in the training data.
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Figure 3.2: Dynamic Belief Networks for the MUD
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2. Location (L) This represents the location of the player in the MUD. The system
was trained using data that contained 3369 unique locations. There is also an other
location representing all locations that were not present in the training data..

3. Quest (Q) This represents the 20 different quests that a player can undertake in
the MUD, plus an other quest which represents all quests that were unseen in the
training data.

Several models were evaluated in order to find the best tradeoff between complexity
and performance. These models are shown in Figure 3.2. The main model is the most
complex due to its causal influences. In this model, the location at time ¢ depends on
the value of the current quest Q' and on the location at the time 7 — 1. The action at
time ¢ depends on the previous action, the current location, and the current quest. The
location dependencies are based on the assumptions that agents are constrained to move
in physically contiguous regions and that certain regions are associated with different
quests. The action’s causal dependency on the previous action models the assumption
that sequences of actions are important and will tend to be repeated. Its causal depen-
dency on the current location models the assumption that certain actions are specific to
certain locations (i.e. eating in a house or inn, purchasing goods at a shop, etc.). Its
causal dependency on the quest models the assumption that some actions are specific to
the current quest.

Simpler models include the independent model, the action model, and the location model.
The independent model removes the dependence of actions on location, while the location
and action models try to predict based on only a single aspect of the state information.

The probabilities for each of the models are calculated from previously obtained data
that is preprocessed to yield values for the tuple: (previous quest, current quest, current
action, current location, next action, and next location). Conditional joint probability
tables are constructed for each of the nodes based on the frequency with which each
tuple value occurs. Good’s flattening constant is used to assign a small amount of prob-
ability to the other events so that the system will be able to predict during testing when
encountering events unseen in the training data.

As actions and locations are observed, they are placed as evidence on the DBNs and
used to update belief regarding the user’s next location, next action, and current quest.
Formulas for updating belief provided in [AZN98] rely on the concept of d-separation
for proof of independence and justification of simplicity. The updated beliefs specify a
probability distribution over the potential actions, locations, and quests. The analysis
provided by Albrecht et al. shows the main model to be the most effective for predicting
quests and locations, but the independent model performs better on actions and almost
as well on the others with the additional benefit of being more efficient to train.
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Evaluation

Albrecht et al. have used a probabilistic approach to predict user actions, movements,
and quests in a text-based MUD. Their approach is particularly well suited to the do-
main, as the number of potential actions and locations is far greater than those that
have been considered in the systems previously discussed. However, their approach has
a number of drawbacks, the principle one being the complexity of the plans and goals
that it can infer.

Only very high-level quests and individual actions are predicted instead of providing a
rich plan structure. This weakness seems reasonable because of the domain in which
the system has been applied, but there are a number of domains where detailed plans
are required. Automated help systems may require a detailed description of the user’s
plan in order to provide meaningful help. It is unclear that a probabilistic system such
as this one could provide complicated enough plan descriptions to accurately model a
user’s thought process.

On the other hand, this system does handle noise in a robust manner. Due to the
large amount of data that is available to the system for making predictions, extraneous
patterns of behavior are ignored. The system allows users to proceed in any manner
that they desire, and therefore must be capable of predictions when novel actions and
locations are encountered. Additionally, users may attempt to achieve multiple goals
simultaneously. Though these characteristics contribute negatively to the system per-
formance, it was able to show reasonable predictive capability despite them.

This system seems to lack a reliable method of capturing temporal ordering constraints.
Though frequent repetition of the correct order will increase the probability of predicting
that sequence, the system can’t reliably determine to what extent the order is impor-
tant. Part of the issue is the scope of the top level quests that this system is predicting.
They often require hundreds of actions for completion, so that it is not feasible to track
temporal ordering constraints between individual actions.

As mentioned previously, the desire to rank alternatives is one strength of probability
based systems. The probability of the current quest, next action, and next location are
computed at each time step. Though a host of possibilities are conceivable, in practice
only a few are likely. Another benefit is computational feasibility. The majority of the
computation for a system such as this is performed during training. At prediction time, a
small amount of computation is required to update the belief network given new evidence.

The domain assumptions leveraged by this system are captured in the construction of
the DBN that is used for reasoning. Assumptions about physical limitations and the
influence of the current quest, actions, and locations are encoded as causal links in the
DBN. Using this system in another domain would require the creation of a DBN struc-
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ture that accurately modeled domain interactions. Though the structure of a BN can
be arbitrarily complex, efficient update mechanisms are known only for certain classes
of BNs. Thus, it seems BN based systems suffer two weaknesses in this regard: the
granularity at which the domain can be modeled competes against computational con-
siderations, and the domain must be modeled in the somewhat limited representation of
a BN. It is only fair to note that logical systems suffer from the first weakness as well.

In summary, this system is one of the first to address the scale issues that plan recognizers
must address in order to be applicable in real world situations. This system handles
such a large number of potential actions and locations primarily because of the simple
structure that can be used to characterize agent behavior in the domain, and the high
level at which goals are predicted.

3.2.2 Charniak and Goldman

As mentioned in the discussion of Albrecht et al., the use of BNs as the primary tool for
modeling a domain sacrifices the richness of the plans that can be inferred. The work of
Charniak and Goldman ([CG93]) on the WIMP3 story understanding system leverages
the strengths of both logic and BNs. Their work stemmed from criticism of purely logical
approaches. Charniak and Goldman offer the following three criticisms of Kautz’s work
(which they took to be the best known representative of the logical camp):

While Kautz’s work is justly noted for the clarity with which it lays out its
logical and algorithmic basis, as a theory of plan recognition is suffers from
three major flaws. First, because this approach is, essentially, minimal set
covering, it is incapable of deciding that a particular plan, no matter how
likely, explains a set of actions, as long as there is another plan, no matter
how unlikely, that could also explain the observed actions...

Second, the distinction between top-level plans, which are minimized and
the rest, which are not, is problematic. While most of the time walking is in
service of a higher plan (getting someplace), occasionally we walk “because
we feel like it”. So sometimes walking is a top-level plan and sometimes it is
not. Unfortunately, Kautz cannot do away with the distinction and simply
minimize all actions. If one minimized the total number of actions, then one
would never postulate a top-level plan at all.

Finally, set minimization as a principle for abduction is simply wrong. For
example, in medical diagnosis, it is often the case that a two-disease diagnosis
is better than one which reports only a single disease. Patients often have
two common ailments rather than a single uncommon one which accounts for
all of the symptoms.
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The first criticism motivates the use of probability theory in their own work, especially
for the role that prior probabilities play in determining the likelihood of a plan. The
second criticism is based on an assumption that Kautz made regarding the structure
of plan hierarchies, namely that there are certain top-level events that cannot be in-
cluded as a part of another plan. This assumption guarantees that the plan hierarchy
will be acyclic. The limitation that this imposes on a real-world recognizer is demon-
strated with the plan of going somewhere via airplane. In order to fulfill this plan, one
must execute a sub-plan of going to the airport. Plans that cannot be represented in
an acyclic plan hierarchy cannot have all of their constituent parts used effectively for
recognition. The price paid for more expressiveness, is of course the complexity of the
resulting search space. The final criticism mentioned above is a just criticism of the
principle on which Kautzian plan recognition is based. While this assumption may often
hold, there are cases in most every domain where it will be violated. Notably absent
from these criticisms is Kautz’s restriction that the abstraction hierarchy be tree-shaped
(an implementation restriction); Charniak and Goldman maintain the same assumption
in their own system.

System Overview

This system maintains two separate types of knowledge, plan hierarchy and probability
information. Plan hierarchy information is stored in a knowledge base of predicate cal-
culus formulas that resembles the decomposition and abstraction hierarchies of Kautz.
The biggest difference is that the plan hierarchy is not constrained to be acyclic (there
are no top-level events). The probability information is maintained in specially formed
BNs called plan recognition networks (PRNs), which are dynamically constructed based
on observations and the plan structures in the plan hierarchy (the mechanism will be de-
scribed later). The probability associated with a node that represents a plan hypothesis
in the PRN indicates the system belief that the plan is an explanation for the event and
object observations. The PRNs may be updated as additional observations are made or
additional plans are hypothesized; these changes result in a dynamically evolving struc-
ture and corresponding changes in hypothesis beliefs. Charniak and Goldman note that
this very desideratum, that predicted plans change accordingly with new evidence, is a
strong argument for a non-monotonic approach to plan recognition.

In essence, each node of a PRN represents a random value for the truth of a certain
proposition. Thus the random variable may take as its value one of {TRUE, FALSE},
and the probability at each node represents the probability that the proposition is true.
Examples of propositions placed at the nodes in a PRN are shown in Figure 3.3 and
described below:

1. (inst lss3 liquor-shopping) - This represents the fact that constant 1ss3 refers to a
liquor-shopping event. The 3 labeled edge in the diagram indicates that the liquor-
shopping event [ss3 is hypothesized as a plan to explain related observations.
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(inst 1ss3 liquor—shopping)
(inst gol go-) (ins Is2 liquor—store)

(= (go—stp 1ss3) gol) (= (store—of 1ss3) 1s2)
(= (destination gol) 1s2)

Figure 3.3: A Bayesian network for a plan recognition problem

2. (inst 1s2 liquor-store) - This represents the fact that constant 1s2 refers to a liquor-
store object. This represents an observation.

3. (= (store-obj 1ss3) 1s2) - This represents the fact that liquor-store Is2 is the store
object of liquor-shopping event 1ss3. This is an instance of a slot-filler hypothesis.

As discussed in the section about BNs, the arrows in the PRN indicate causal influence.
In this system, hypothesized plans exert causal influence on observations, i.e. they ez-
plain the presence of the observed events. Consider the liquor shopping event Iss3 in
Figure 3.3. It has been hypothesized to explain the presence of the gol event observa-
tion. Hypotheses can perform the role of explanation for multiple events and objects,
and a single event or object can play the role of evidence for multiple hypotheses.

Each PRN can be described by a set of nodes and edges (N, E) and a corresponding
set of conditional probability distributions. In the following abstract rule descriptions,
we ignore the probability distribution in the representation of existing PRNs. The PRN
construction rules are used to recursively generate the set of valid PRNs P for a given
knowledge base K and observation set I. Note that naive application of the following
rules may result in infinite regression or extremely large networks. As such, these rules
must be judiciously applied; the focusing mechanism of marker passing will be discussed
shortly.
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PRN Construction Rules and Marker Passer Focusing

1. Basis The empty PRN ({},{}) is in P.

2. Object evidence If an object or action is observed, then it is included in the evidence.
Hence the observation o will be added to (N, E) € P to yield (N U {0}, E) € P.
The prior probability assigned to such a node comes from a corpus estimation and
is equal to the ratio of number of events of that type to the number of all events
in the corpus.

3. Up-existential If existing observations are consistent with and explained by some
higher level plan in the knowledge base, then add a node to the PRN represent-
ing degree of belief in this hypothesis and add causal edges from this node to the
evidence. More formally, if there is a proposition o of the form (inst ity t1) in a
PRN (N, E) € P, a formula in K of the form (inst 7i to) — (inst (slot 74) t3) such
that type t3 is consistent with ¢1, and either 5 is an object type or 3 is an event
type, then a new hypothesis node A of the form (inst itz t2) and a new slot filler
node B of the form (= (slot it9) it1) will be added to N. Additionally, three edges
are added to the PRN: an edge from the explanatory hypothesis node A to the
observation node o, and edges from each of the explanation node and observation
node to the slot filler node B.

The prior probability of the node A is specified from a corpus as in the previous
rule.

The CPD of the node o is specified as follows: P(o|A) = 1, P(o|-A) = P(t3) —
P(t3|A)P(A).

The CPD of the node B is specified as follows: P(B|A,0) =1, and 0 otherwise.

4. Slot-filler If there is an existing event or object represented in the PRN that
could fill the slot of an existing plan hypothesis, then add a node to the net-
work that asserts this relationship. More formally, for some (N,E) € P, if
(inst ity t1), (inst ita t2) € N and (inst 71 t3) — (inst (slot 74) ty) € I, t; is a
subtype of t3, ty is a subtype of t4, and it; is a hypothesized plan, then (=
(SlOt itl) itQ).

5. Other evidence If the antecedent of a formula in the knowledge base can be unified
with propositions from the PRN, then a node representing the proposition that
the consequent of the implication is true may be added to the PRN. Formally,
for some (N,E) € P, if nodes {ay,...,an,=1,....,=m} C N and ay,...,a, after
application of the equality statements unify with the Ay,..., A4, of an implication
(A1,...,A, = C) € K, then C plus edges from all of {a1,...,an,=1,..., =y} may
be added to P. The probability distribution that is applied to the new node for
the proposition C is not clearly specified in [CG93].

Before further clarification of the PRN construction rules via an example of their use,
we first describe the focus mechanism of marker passing in order to provide a coherent
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description of the system. The problem of infinite regress was mentioned earlier. Since
event hierarchies are permitted to have cycles (recall the example of going to the airport
in service of going to some distant destination), it is possible to fall into cyclic application
of the up-existential rule. Furthermore, as plans are hypothesized the tree grows bushier,
providing more opportunity for application of the construction rules. In practice, some
mechanism is needed to restrict the growth of the PRNs so that they remain reasonable
to evaluate and focused on reasonable hypotheses; this is the role of the marker passer.

The marker passer algorithm works by spreading marks from activated propositions (ac-
tivated by observation, for instance) in the knowledge base to “nearby” propositions
(propositions related by the abstraction relationship, propositions that fill a slot in the
given proposition, or propositions in which the given proposition plays a role). Data
obtained from corpora determine the probabilities of each of these relationships, which
are used to determine at what point the spreading should stop. Whenever the spreading
activity from two distinct nodes overlaps, a marked path is found between the nodes that
initiated the spreading. Such paths are compared to the PRN construction rules to see
if the appropriate relationships are contained in the path, and if so they are applied to
the existing PRN. Intuitively, this mechanism finds the most plausible interconnections
in the knowledge base that accounts for the data. Very low probability paths (corre-
sponding to events and observations that are not likely to be related) are not considered
because the marker passing is cut off by the probabilities before these paths are com-
pleted. Such unlikely relationships probably shouldn’t be considered without further
evidence. Charniak and Goldman claim that their marker passing algorithm is sound
“in that the number it computes as a cut-off mechanism for its search is an upper bound
on the probability of the hypothesis (given certain reasonable assumptions about the
evidence)” ([CGY93]). In other words, an unlikely hypothesis may sometimes be recom-
mended, but a likely one will never be ignored.

The marker passer thus locates plausible hypotheses for a given set of observations.
These potential hypotheses and the corresponding observations are then matched against
the up-existential construction rule, and if successful, the appropriate nodes and edges
are added to the PRN. The marker passer mechanism may also discover relationships
between existing hypotheses and observations. Such paths are matched against the slot-
filler rule in order to incorporate existing evidence into existing hypotheses.

Example

We now continue with an example and further discussion of the construction rules. Fig-
ure 3.3 and the text “John went to the liquor store” will be used as an example to
illustrate the purpose and application of each rule. As the sentence is parsed, various
propositions are generated regarding the semantic content of the sentence. One of these
corresponds to an observation that there was a going event, another is the presence of a
liquor store. Using the object evidence rule described above, nodes (inst gol go—) and
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(inst?shopshopping—) — (and  (inst(go — stp?shop)go—)
(= (agent(go — stp?shop))(agent?shop))
(= (destination(go — stp?shop))(store — of 7shop)))

Figure 3.4: A plan for liquor shopping

(inst 1s3 liqguor — store) are added to the PRN to reflect the observations.

After the PRN has been updated with these additions, the marker passer algorithm is
run to see if the observations suggest any plausible hypotheses. Assuming that there a
liquor shopping plan similar to the one in Figure 3.4, the path between the liquor store
observation and the going observation would be located by the marker passer and then
matched against the up-existential rule. As a result of a successful match, the nodes
(inst lss3 liquor — shopping) and (= (go — step lss3) gol) would be added to the PRN,
representing respectively the liquor shopping hypothesis and the role played by the ob-
served going event. In addition, edges from the hypothesis to the observation, and from
both the hypothesis and observation to the slot-filler nodes are added to the PRN.

The marker passer algorithm will at this point also notice a likely path between the liquor
store observation [s3 and the previously hypothesized liquor shopping plan [ss3. The slot-
filler rule matches just this case, and the slot-filler proposition (= (store —of lss3) ls3)
is added to the PRN along with edges from the observation and the plan hypothesis to
the new slot-filler node.

At this point (and it is unclear in [CG93] exactly when this occurs), an application of
the other-evidence rule can be performed. The liquor shopping plan of 3.4 indicates that
the destination of the going event and the store of the shopping event are equivalent.
The equality propositions (= (store — of lss3) ls3) and (= (go — step lss3) gol) and
the liquor shopping plan provide the appropriate components. Application of the rule
adds another node (= (destination gol) ls3) with edges to this evidence from the other
equality propositions.

The plan hypothesis node in the resulting PRN has an associated probability that in-
dicates the system belief in this plan as an explanation of the observations. Other
plan hypotheses may be postulated if further information is provided. For instance,
subsequent processing of the sentence “He pointed a gun at the clerk” would result in
the addition of a robbery hypothesis that explained the same set of observations. The
robbery hypothesis would initially have been filtered by the marker passing algorithm
because of its low prior probability, but the additional evidence involving the gun and
the threat would have completed the path in the plan hierarchy. The best hypothesis is
the one with the higher probability; in this case the low prior probability of the robbery
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hypothesis combined with its explanation of the going event as well as the gun and the
threat will make the robbery hypothesis the most probable.

Evaluation

Having outlined the major operation of the plan recognition system in WIMP3, we now
turn to evaluation. The combination of logical and probabilistic techniques is most cer-
tainly a step in the right direction. Simple probabilistic approaches akin to the one taken
by Albrecht et al. lack the ability to recognize rich plan structure. On the other hand,
purely logical approaches (ala Kautz) lack a formal basis for preferring one hypothesis
over the competition. These problems found in earlier systems are addressed by the
combination of logical and probabilistic approaches in this system. As far as showing
the need for probabilistic information in plan recognition was the main goal of this work,
it was a success. It is unclear, however, to what extent the system was a success in
practical terms. The author has been unable to find any information regarding its per-
formance. The rest of this section will address the capabilities of the system according
to the criteria laid out in Chapter 2.

This approach allows recognition of richly structured plans like the logical approaches
and in contrast to some other probabilistic approaches. A plan can be hypothesized as
an explanation of observed events and objects. By the same token, a higher level plan
can be hypothesized as an explanation for a previously hypothesized plan. The example
given in [CGY3] is that a party plan may be hypothesized as explanation for the liguor
shopping plan.

Interleaved and overlapping plans, as well as conjunctive goals can be recognized in this
framework. The example discussed in the previous section involved two hypothesized
plans (shopping and robbery). Though these plans were “in competition”, it should not
be hard to imagine cases where multiple plans are hypothesized that could co-occur in
an interleaved fashion. Furthermore, the decision criteria (unspecified in [CG93] but
discussed briefly in [CC91]) may attribute multiple plans to the agent, i.e. a conjunctive
goal composed of interleaved plans. A single action may play multiple roles in interleaved
plans in a manner similar to that of the going event in the shopping and robbery plans.

Two distinct processes address “noise” in an agent’s behavior. The first is the marker
passer algorithm which will only consider hypotheses for actions that are consistent with
other observations. The second is the decision criteria for selecting from among compet-
ing hypotheses. A spurious action that is closely enough related to observations to be
considered by the marker passer and introduced into the PRN will still have contribute
enough evidence to an incorrect hypothesis in order to have any negative effect on the
system’s predictions.
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Aborted plans pose a problem for this system. The system may recognize a plan while
it is being enacted, but there is no mechanism described that would recognize cessation
of the plan. Furthermore, the system is not equipped to perform plan recognition for
extended periods of time. One source ([CC91]) indicates that it recognizes “stories” that
are 1 to 4 sentences long. The growing complexity of PRNs as observations are made
and the restriction that at most one instance of a plan type be hypothesized in a PRN
are likely contributors to the limitation on story size. ! Most other systems discussed
in this paper (with the exception of Albrecht et al.) also lack the ability to perform
continuous plan recognition. This issue is discussed in more detail in Chapter 5.

As described, this system does not provide a means to enforce temporal order in actions.
The marker passer does not address this issue, and the PRN takes no notice of the order
of observations. In one regard, this is due to an incomplete specification of the actions
that comprise a plan. As presented, there is no allowance for ordering constraints in
the operation of the system even though the predicate calculus representation of plans
would allow it. It is therefore conceivable that such constraints could be addressed, for
instance, by the marker passer. A simple filtering procedure could prevent a sequence
of actions that violates an ordering constraint from triggering a hypothesis that would
otherwise have explained the sequence.

A more general criticism is that this system does not take advantage of contextual infor-
mation. It considers neither temporal information nor action preconditions and effects.
As such, it is constrained to recognizing the plans that are present in its plan library. This
restriction is admissible only to the extent that the plans in a domain can be exhaustively
cataloged. In addition to requiring a detailed plan library, this system also requires that
the abstraction hierarchy be tree shaped and that probabilistic data be compiled for all
event types and inter-relationships. It is not implausible that humans have access to the
same type of information and therefore not unrealistic for a system to require it. It is
however, an expensive requirement if it must be manually compiled for each new domain.

It is difficult to assess the computational feasibility of the system, as there is little de-
scription of its performance. What is more important is the use of a focusing mechanism
in order to make its computation feasible. The marker passer algorithm is an intu-
itively pleasing way to restrict the amount of computation performed by restricting the
hypotheses under consideration. Humans seem to quickly come to a set of reasonable
explanations for a given set of observations. It is highly unlikely that a search of the en-
tire space of possibilities has been conducted to reach these explanations. Somehow the
more likely ones are quickly retrieved. The marker passer algorithm quickly locates a set
of plausible hypotheses without searching the entire space. Incremental use of spreading
activation narrows the search possibilities.

'Tt is somewhat amusing that Charniak and Goldman have chosen to illustrate their criticism of
assuming top-level plans with an example that their own system also fails to handle. Since only a single
instance of each plan type may be hypothesized in a PRN, the example of needing a travel plan to get
to the airport in service of traveling to a distant destination would not be recognized.
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The biggest contribution of [CG93] is its argument for a probabilistic basis to plan recog-
nition and the resulting combination of logical and probabilistic approaches. While it
does address a number of the issues that we laid down as evaluation criteria, this system
does fall short in some; notably the restrictions placed upon it by its assumptions. In
addition, we have seen that this, like the others, does not support continuous plan recog-
nition and does employ a general inference procedure in tandem with its plan recognition
procedures.

3.2.3 Bauer

The last of the systems that we will discuss is that of Bauer ([BP93], [Bau94a]). This
system, like Charniak and Goldman’s, is a hybrid system. It uses a modal logic to
encode hypotheses, a generalized form of abduction to recognize potential hypotheses,
and a variant of Dempster-Shafer Theory (DST) as a means of choosing between them.
The domain of the plan recognizer is a Unix mail reader, but the DST-based incremental
preference update mechanism is a general technique that may be incorporated into other
plan recognizers. Subsequent systems have used DST in a similar manner to decide when
enough is known to make a prediction ([BA03]).

System Overview

In an effort to be brief, some of the implementation details will be omitted, but we
hope to concisely convey fundamentals of the system. We focus first on the variant
of abduction that Bauer and Paul propose in [BP93]. The basic theory of abduction
warrants inference of the explanation ¢ from observation w under theory 7 if:

1. 7 U ¢ is consistent
2. TUdEFw

3. ¢ is a ground instance from some pre-specified set of abducible formulas

In other words, so long as ¢ is of the correct form, and ¢ together with the theory ex-
plains w, then abduction warrants the inference of ¢.

Bauer and Paul extended abduction to work for the LLP modal logic in which they
encoded plans for their mail-reader domain. The abductive theory described above
turned out to have a correctness criterion that was too stringent (item 2) for the temporal
facets of the hypotheses that they encoded. Before an example, it is worth mentioning
that LLP interprets formulas with respect to an interpretation and a subinterval. For
example, the formula {¢ (read “sometimes ¢”) is true on o precisely when there is
some suffix sub-interval of ¢ for which ¢ is true under interpretation Z. {¢ cannot
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be inferred as an explanation for ¢ because there are some models of {¢ (namely the
one where ¢ is not true in the initial half sub-interval but is true for the second half)
are not models of ¢. They relaxed the correctness criterion by requiring only that
some variation of the explanation be compatible with the observation. The existence
of such a refined explanation would then warrant the inference of the original. The
formal condition for P’ to be a refined explanation for P with observation w is that
MOD(TUP') = MOD(T UP) N MOD(w). Then for a logical theory 7T defined over
LLP, P an LLP formula and w an observation, P is considered an explanation for w if:

1. T UP is consistent
2. There is a refined explanation P’ of P for which TUP' = w

3. P is a ground instance of some pre-specified set of abducible formulas

The system appears to be initialized with a small set of predetermined candidate hy-
potheses. These serve as the set of initial candidate hypotheses. As each action is
observed, the candidate hypotheses are checked via the generalized abduction rule spec-
ified above ? to make sure that the hypothesis could still be an explanation. After the
consistency check eliminates impossible hypotheses, a variant of DST is used to estimate
the likelihood of each remaining hypothesis.

Bauer and Paul describe a variant of DST that they use to valuate the likelihood of
various hypotheses. We introduce the major components of the modified DST below,
and then discuss how the components are used to evaluate hypothesis likelihoods.

evidence space (f) This is made up of the various basic actions in the mail domain,
those that do not abstract any others. i.e. READ, SAVE, WRITE. An abstract
action is considered to be the union of all the basic actions that it abstracts, and
hence is a subset of 27.

hypothesis space (2) This is made up of the various basic plans in the mail domain,
those that do not abstract any others. i.e. READ-AND-WRITE-ALL, READ-
AND-SAVE-ALL, READ-AND-STORE-ONE. An abstract plan is considered to
be the union of all the basic plans that it abstracts, and hence is a subset of 2.

evidence bpa (c: 2’ — () — [0,1]) This bpa describes an observation. It takes as input
all subsets of the evidence space (so that abstract actions may be observed) and
maps each to the likelihood that it was the observed action. The sum over all
subsets must be 1. Note that this need only be defined for certain subsets of 27,
namely those that correspond to the basic and abstract actions. A typical example
of an observation in this domain would map READ to 1.0 and everything else to
0, because observations are perfect in this domain.

*Bauer and Paul indicate that the regular abduction rule (instead of the generalized abduction rule)
is applied to abstract plans in the hierarchy
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hypothesis bpa (m; : 2% — () — [0,1]) This bpa describes the system’s belief in each of
the candidate hypotheses. It takes as input all subsets of the hypothesis space (so
that abstract plans may be assessed) and maps each to the likelihood that it is the
explanation for the observed actions. The subscript indicates that this is updated
each time that a new observation is made.

rule frame (R =< 0,Q,A >) This contains the rules for converting input observations
into update information for the hypothesis bpa. A : (2¢ — ) — 227x[0,1] maps an
observation to the hypotheses that the observations supports, indicating the degree
of support for each hypothesis. The sum of likelihoods from each input must sum to
1. This is called the rule frame because the A function can be thought of as rules of

the form E; — Ag, 1 < Sg;(4E;1) >, AE, 2 < Sg,;(AE, 2),--.. A typical rule frame
entry might map SAVE to jREAD-AND-STORE-ALL, .6, ]READ-AND-STORE-
ONE, .4;.

When an observation is made (in the form of a bpa ¢), the rule frame is used to
construct a new bpa r which represents the hypothesis strength induced by the rule
frame R and evidence ¢ using the hypothesis strength function: r(X) =
> o+pce SE(X)c(E),

where sp(X) is one entry in the value of A(E). Once the hypothesis strength r for
an observation has been computed, it is combined with the current belief bpa m; using
Dempster’s rule of combination to yield m;1, the updated belief in candidate hypothe-
ses. In essence, an uncertain observation (c) induces an evidence mass on the hypothesis
space (r) which is then used to update the system beliefs.

Evaluation

The major contribution of this work is a recognizer independent method for assessing
hypothesis likelihoods. To use the DST variant outlined in [Bau94a], a recognizer must
have a complete plan hierarchy (an assumption made by the system) and be able to
describe its domain in terms of an evidence space, hypothesis space, and a rule frame of
the same kinds that Bauer provided.

The plan recognizer described in [BP93] should in principle be capable of recognizing
arbitrarily complex plans. They have, however, implemented a rather restrictive set of
heuristics in order to reduce the search space. The most limiting restriction is the a priori
restriction of the generalized abductive inference procedure to a few static plans. The
DST based ranking scheme cannot handle arbitrary plans; it is constrained to evaluating
those that exist in the plan hierarchy.

Neither component of this system is capable of handling interleaved goals. Since actions
are used to filter hypotheses in the recognizer as they occur, actions from interleaved
plans may be incompatible and result in an empty hypothesis set. In the hypothesis
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valuation, the sequence of actions is assumed to be from a single plan. It may be the
case that the plans from which the actions are drawn will both increase in likelihood,
but it is not clear that this will be the case. In particular, there are situations for which
the Dempster rule of combination is undefined, namely those situations where the bpas
are have no overlapping mass.

The recognition component is not robust in the face of noise. All of the inputs are per-
fectly specified because of the domain, so it doesn’t have to deal with uncertain input.
Unintended or erroneous actions would likely eliminate valid hypotheses due to its in-
consistency filter. The hypothesis valuation portion is more robust to noise, but there
are no guarantees that an update bpa won’t be inconsistent with the current hypothesis
beliefs.

The LLP logic is certainly capable of representing ordered and partially ordered plans,
but it appears that the recognizer implementation will only be capable of recognizing
strict order. The rule frames will decide how temporal order affects hypothesis valuation.
It is unlikely that these will contain history information, and the hypothesis valuations
will therefore order independent.

The recognizer component of this system should be tractable for the domain described
because of its small size and the heuristics implemented. In general, though, it will face
the same problems that other logical systems face, a huge search space. The DST calcula-
tions performed for the hypothesis valuation component are tractable because arbitrary
subsets of the evidence and hypothesis space are not considered. Only those highly
structured subsets that correspond to abstract actions and plans need to be considered
in computing the new bpas.

3.3 Recent Work

The author has performed some recent work on goal recognition, examining the benefit
of incorporating type information into an existing goal recognizer. This work builds on
the work of Blaylock and Allen [BA03]. In this work, Blaylock and Allen use statistical
methods to quickly and incrementally recognize the goals of users in the Linux domain.
They formulate the problem of goal recognition as that of finding the most probable goal
given an observed action sequence. Formally, the problem is defined as finding the goal
g such that:

1
g = argmazgP(G®, Gl’q|Ain, A1:;) (3.1)
where G represents the goal schema, G represent the goal parameter values, Af,n

represent the action schemas for the observed actions, and Ai:g represent the parameter
values for the observed actions. This probability can be decomposed into forms that are
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easier to approximate and work with via the following sequence of transformations:

By the chain rule, the probability in (3.1) becomes:

P(GS|47,,, A7) P(GH

1,n»

G®, A A (32)
At this point, a simplifying assumption is made in [BA03]: that goal schemas are
conditionally independent of the observed action parameters given the observed action
schemas. This assumption neglects to take advantage of the additional information pro-
vided in the action parameter values, so I do not make this assumption. The probability
in (3.2) suggests a two step approach to goal prediction: first predict the goal schema,
then predict the parameters based on the prediction of the goal schema. This project
concerns itself solely with improving the performance of predicting the goal schema with
the additional parameter information (since parameter value information is already in-
corporated into the parameter recognizer described in [BA03]). Focusing on the goal
schema recognition problem, we continue with first term of (3.2):

P(GS|A7,,, ATT) (3.3)
By Bayes Rule,
P(G%)P(A7,, A1 G¥) (3.4)

With a bigram assumption made on the action sequence,

P(G)ILP(A, A]|GS, AT 1, A;) (3.5)

This term is completely analagous to the one derived in [BAO3] except that there are
parameter values in the conditional probability of (3.5). It is computed using the same
machinery but with a different distribution.

Action Signatures

Define the action signature for action A with parameters P;, to be the sequence (A4,
type(P1), ..., type(P,)), where the types are obtained by inspection of the parameters
and come from some fixed type hierarchy. For example, the action signature of the linux
command ’Is *.txt’ would be (ls extension), assuming that the string "*.txt’ is determined
to be an extension.

Action signatures abstract away from individual parameter values, and allow us to ap-
proximate the conditional probability in (3.5) from a plan corpus. Abstracting from the
actual parameter values is necessary to avoid the pitfalls of data scarcity. Even with this
abstraction, it is still possible that the space of action signatures for a particular action
schema be large. When estimating the conditional probability in (3.5) it is sometimes
necessary to backoff to the action schema bigram, and sometimes even further to the
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N-best(7) | 1 (0.3) | 2 (0.7)
Precision | 31.5% | 63.6%

Recall | 18.5% | 31.5%
Convergence | 36.5% | 54.7%
Convergence Point | 3.8/5.9 | 3.7/6.7

Figure 3.5: Original Recognizer Results

N-best(r) | 1 (0.3) | 2 (0.7)
Precision | 37.9% | 66.2%

Recall | 22.7% | 34.3%
Convergence | 43.5% | 54.3%
Convergence Point | 3.3/5.8 | 3.7/6.9

Figure 3.6: Modified Recognizer Results

unigram probability. T used a backoff strategy that backs off from an action signature
bigram to the action bigram. If further backoff is required, it looks at smaller n-grams,
preferring action signature n-grams when enough data is available.

Using this approach I was able to improve upon the results originally found in [BA03].
See Figure 3.5 for the original results and Figure 3.6 for the modified results.

Goal recognizers perform, in some senses, a simpler task than plan recognizers, by ig-
noring the plan structure and directly proceeding to infer the top level goals of the user.
This is often a useful task as a first step in filtering options for further inference. Treated
as a complete system, however, it suffers from many of the same faults as the system
of Albrecht et al. It can only infer a single goal at a time, it does not infer a rich plan
structure, it does not take temporal relations among actions into account, etc.

3.4 Other Work

In the discussion of Charniak and Goldman’s system, we saw a “successful” combination
of logical and probabilistic inferences for achieving plan recognition. There is a body
of literature concerned with integrating BN style reasoning and first-order logic (e.g.
[P0093], [Po097], [Kol98], [Pfe00], [Poo03]). In fact, any formal theory of first order
probabilistic reasoning would be beneficial for plan recognition, which until now has had
to use ad hoc methods to combine the two types of inference.
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3.5 Summary

This chapter has discussed a number of plan recognition systems with the goal of pro-
viding a good sampling of the approaches that have been applied to plan recognition.
While the recognizers were divided into logical and probabilistic categories, many con-
tained elements of both. We saw a number of problems that many of the systems shared,
including search space size and noisy data. We turn now to a survey of these and other
common problems that plan recognition systems face.
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Chapter 4

Problems

We now recapitulate some of issues that plan recognition systems have had to address,
using the systems surveyed in Chapter 3 as a guide. These issues include managing the
search space, handling noise in the data or recognition process, acquiring the knowledge
required for system operation, and dealing with increasingly complex domain require-
ments. We examine these in more detail below, and additionally suggest two topics
for future research: continuous plan recognition and integration of plan recognition and
reasoning.

4.1 Narrowing Hypotheses

Of the systems surveyed, the system with the potential for the largest search spaces is
that of Allen and Perrault ([AP80]). Recall that their recognizer uses backward goal
chaining to infer potential plans. Like some of the others, this system may hypothesize
that a user wishes to perform a goal G when it recognizes that the agent wishes to per-
form one of G’s sub-goals. But it may infer that the agent wishes to achieve G from
other observations as well. In particular, observing that the agent wishes to achieve one
of G’s preconditions is sufficient to hypothesize that the agent may wish to achieve G.
Modeling the preconditions and effects of actions in the plan hierarchy thus allows novel
plans to be inferred in exactly this manner. The ability to detect novel plans is not
present in any of the other systems, and adds significant complexity to the search space.
As such, narrowing the hypothesis space is of paramount importance to their system.

Allen and Perrault addressed this problem using heuristics, a prominent technique in plan
recognition ([Car01]). Some of their heuristics were based on rationality and coherence
assumptions. One such heuristic downgraded the valuation of a hypothesis whenever it
was one of multiple alternative inferences. The underlying motivation for such devalua-
tion was that a speaker would not have intended an ambiguous plan. This assumption is
especially appropriate for discourse situations, where ambiguity reduces conversational
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efficacy. Another heuristic was based on on expectation; a small number of high level
goals were postulated and used to constrain the search space. While this particular im-
plementation was limited in scope, the general technique of constraining inference based
on expectation is a useful one.

By narrowing consideration from many possible alternatives to a few ezpected ones, a
recognizer limits the amount of inference that must be performed. Expectations embody
some knowledge that allow an agent to focus inference. How this knowledge is obtained
is unimportant from the perspective of the plan recognizer so long as it does an effective
job of narrowing the search space.! In Allen and Perrault’s system, the knowledge was
provided by humans and was hard-coded into the framework of the system. But it could
just as easily have been provided as part of a knowledge base. Furthermore, instead of
being required to use a fixed set of goals as expectations, a system could reason from its
current knowledge of the situation in order to come to a set of expectations. This notion
of incorporating more general inference with plan recognition will be discussed further
in Chapter 5.

Charniak and Goldman ([CG93]) use domain specific expectations to limit the amount
of inference required. Their algorithm constrains itself to hypotheses that can be found
along paths connected by the marker passing algorithm. The probabilities used by the
marker passer algorithm are the instrument of expectation. Recall that each observed
action or entity begins a round of marker passing. Marks are passed from an observa-
tion proposition P to other propositions in the knowledge base (treated as a semantic
network) that are related in one of the following ways: the proposition plays a role in P,
P plays a role in the proposition, or the proposition and P are related by abstraction.
Each relationship in the semantic network has a probability associated with it which
is estimated from corpora. Mark propagation continues until the “probability” along
a path (determined by the probabilities of the relations in that path) fall below a cer-
tain threshold. Thus, the probabilities determine which propositions will be considered
as hypotheses. The probability associated with each relationship can be thought of as
quantifying how expected the relationship is, and the combination of probabilities along
a path as quantifying how likely (expected) a relationship between the start and end
nodes is.

The methods described above are applicable to any user. It is possible however, to use
information that is specific to a group of users or to an individual. Carberry ([Car01])
cites the work of Gertner ([GW96], [Ger97]) as examples of work that use knowledge
about specific groups of users. In Gertner’s system, physicians’ plans were inferred dur-
ing emergency trauma situations. Since the physicians are generally considered to be
experts and therefore unlikely to make mistakes, the system preferred hypotheses with
fewer “incorrect” goals. Systems that interact frequently with specific users may acquire

!Effectiveness in this context has two distinct components: the degree of search space reduction,
and the degree to which the results approximate the results that would have been attained without
expectation-guided search.
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enough data to learn individual preferences. Carberry indicates that Ardissono and
Sestero ([ABL96]) use beliefs about the user in conjunction with stereotypes and analy-
sis of previous user actions in order to filter out unlikely hypotheses. Bauer ([Bau94b],
[Bau95a], [Bau96a]) treats repeated patterns of user action as preferences, and uses these
preferences to help choose from among competing hypotheses.

Lesh ([Les97]) takes user-specific reasoning one step further by considering how adapting
the recognizer affects user-specific recognition. Lesh discusses a recognizer independent
algorithm to improve performance for individual users. The algorithm maintains the
notion of recognizer specific adaptations that can be used to improve performance. In
the case of the BOCE recognizer on which this algorithm was tested, adaptation was
performed by adding or removing goals in the set of potential goals and the set of back-
ground goals. The potential goals are those that could be attributed to the user and
the background goals are those whose observation can be ignored. The algorithm uses
hill-climbing in conjunction with a recognizer specific scoring function (based on accu-
racy and coverage) to select from among the set of possible adaptations based on a set
of observed action sequences.

Both of these user-centric approaches exploit sources of knowledge that domain specific
expectations (like those of Charniak and Goldman) and domain independent expecta-
tions (like those of Allen and Perrault) do not, namely information regarding individuals
or groups of individuals. Bauer’s approach is perhaps the nicest, because it learns dur-
ing operation, and does not require offline modification of the recognizer (c.f. Lesh), or
hard-coded preferences (c.f. Gertner).

TIE IN?? Again, it seems that this is an opportunity where the ability to incorporate
general inference could help. Being able to reason about individual agent preferences as
interaction takes place would provide the benefits of

4.2 Noise

It is arguable that plan recognizers have not yet become as effective as they can be be-
cause of limited capacity to deal with noise. Systems that interact with users in realistic
environments have to be able to handle noise robustly in order to be useful. In this
section we examine some of the various types of noise that make the plan recognition
process more difficult than it is under ideal circumstances. Noise in the observed actions,
in the knowledge base, or in the hypothesized plans of the recognizer cause difficulties
in recognizing user plans. We’ll address issues from each of these categories and indicate
what steps have been taken to remedy them.

Noise in the observations can take multiple forms. An agent attempting to achieve a
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goal may perform some actions that are irrelevant to that goal, and can therefore be
considered a form of noise. This type of behavior was an issue with the system of Al-
brecht et al. ([AZN98]). Users performed many actions that were unnecessary to their
current quest whether out of ignorance or choice. The technique of relying on statistical
correlations between actions and goals as learned from data proved to be useful in the
MUD domain. Individual actions and patterns of action are associated strongly with
a quest when many users performed them in pursuit of the quest. Those actions that
occur frequently in many quests distribute the probability among all of the quests in
which they occur; as a result they have lesser discriminatory power than those action
(sequences) that are correlated with fewer quests because they contribute less to each
individual action. Noisy actions, those that don’t provide much information about the
quest, tend to fall into this category. One of the examples reported as noise was user
conversation. Conversation is not likely to play a role in the user’s quest because it is
an event that is likely to occur frequently during all quests. For this reason it will hold
little discriminatory power and little effect on predicted quest probabilities.

A second form of noise in the observations is user misconception. The observed agent
may intend to achieve some goal G and be executing a plan to do so, but fail to achieve G
because part of the plan is misconceived. A plan recognizer observing an agent executing
such a faulty plan may not be able to infer the agent’s goal because there is no logical
plan to achieve G which involves the observed sequence of actions. Pollack ([Pol90])
addresses this issue by treating plans as mental attitudes instead of as data structures.
In this framework, an agent believes that an action has certain preconditions and effects,
and thus may construct a plan that conforms to their beliefs yet does not accomplish
the goal because of misconceptions on the agent’s part. This treatment allows the plan
recognizer to systematically alter its own beliefs about the preconditions and effects of
actions (in pre-specified ways) in order to account for otherwise unexplainable behavior.
This approach is superior to the inclusion of buggy plans ([BB78]) because of its general-
ity. This approach allows the plan recognizer to perform some set of inferences about the
way that action preconditions and effects interact with each other in formulating plans,
and thus is another instance of incorporating general reasoning into plan recognition.
Carberry ([Car01]) suggests that extension of Pollack’s simple variations requires exten-
sive research. As more variations are allowed, the search space becomes more and more
complex. Thus, it is unrealistic to consider all possible variations. Perhaps Pollack’s
methods can be extended by ideas borrowed from the continuous planning field ([PH99],
[dDCLOW99]), where it is important to limit inference for effective performance. Similar
methods might strike a good balance between reasoning about plan variations (repre-
senting misconceptions of the observed agent) and reasoning about other explanations
for the action. Again it appears that more general reasoning capabilities offers opportu-
nities to generalize existing plan recognition capabilities.

A third source of noise that arises in the observations is caused by the interaction between
the user and the environment. Sometimes an agent’s action will not have the desired
effect because of the situation at the time that it was performed. In these cases, the user
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may attempt an alternate method of achieving the same goal that the original action
was meant to achieve. This “reactive” behavior can be interpreted as a form of noise
because the reactive portion of the agent’s behavior was not part of the agent’s original
plan. The original and modified plans may diverge significantly, causing difficulties for
recognizers to combine the observation sequences from before the error corrections and
afterward. Though this type of behavior appears to be noisy behavior, it is possible that
more might be extracted from such observations based on principled assumptions about
the underlying human behavior. The next chapter will discuss this topic, assumptions
about the structure of human planning behavior, as a potential topic for future work in
plan recognition.

The knowledge base may be noisy in the sense that the plan hierarchy is incomplete;
i.e.it does not contain all possible goals or all possible ways of achieving each goal. In
this regard, backward chaining algorithms such as the one presented in [AP80] are better
prepared to recognize plans that do not occur in the plan library. Other systems (c.f.
[Kau91], [CGY3]) do not have this capability, and can thus recognize only those plans
that are explicitly encoded in the plan library. Carberry ([Car01]) indicates that the
inference of novel plans is a difficult problem which has not received much attention.
She cites Cohen et al. ([CSSvB91]) as providing a means of updating the system’s plan
library with novel recipes, but still lacking a means of inferring them. Still, this provides
a crucial facility for systems that will change their performance over time.

Finally, the plan recognizer may introduce noise by attributing incorrect plans to the
user. Maintaining only a single best hypothesis of an agent’s current plan is risky for this
very reason. Probabilistic systems may provide some relief by simultaneously considering
many hypotheses, however they still face the same issues regarding user misconceptions
and noise due to the knowledge base. Eller and Carberry ([EC92]) address the issue
of misconception on the part of the plan recognizer, and its effects on subsequent plan
recognition. They propose an approach that considers possible misconceptions on the
part of the observed agent and on the part of the plan recognizer. As with Pollack’s
work, these variations are limited in scope.

In summary, the noise introduced by agent actions, incorrect inference and incomplete
data causes serious problems for plan recognition systems. These sources of error cause
drastic expansion of the search space, especially when the number and complexity of
principled variations for misconceptions increase. The problems briefly mentioned in
this section are by no means solved, and are still areas of active research.
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4.3 Knowledge Acquisition

Many plan recognizers make use of a plan library as an input to the plan recognition
process (all of the systems discussed in Chapter 3 except for that of Albrecht et al.).
Recall that plan libraries contain the recognizer’s knowledge about how goals can be
achieved. Specifying a plan hierarchy is a time consuming task that has traditionally
been the responsibility of the system designers. Recent work has begun to move offload
some of this burden onto machine learning techniques. In this section we briefly review
the work of Bauer ([Bau98b], [Bau98a], [Bau99]) in this area.

In [Bau98a], Bauer addresses the issue of creating a plan library from observed action
sequences. His primary motivation is the “nontrivial task” of creating an adequate rep-
resentation of plans in a given domain, particularly for situations where the actions are
known but it is difficult to come by plan decomposition information. As a sample do-
main, he cites intelligent application help systems that are developed after the software
system has been implemented. In these situations, the command semantics may be
unknown, and observation provides a tool to learn them. His method is based on the
assumption that actions which are necessary for the completion of a plan will be present
in all action traces pertaining to that plan. As input, his system takes a set of action
sequences that correspond to a single plan, as well as some domain specific information
regarding domain object structures and type/action abstraction information. Any or all
of the pieces of domain information may be empty and the algorithm will still produce
results, albeit of lower fidelity.

This system considers plans to be action sequences as a set of actions with associated tem-
poral and structural constraints. A temporal relationship between two actions indicates
that one occurred before the other. A structural constraint is an arbitrary proposition
relating the objects manipulated in actions. An example structural constraint is that
the first argument of action A; and the third argument of action Az be equal.

The algorithm works for a pair of action sequences by pairwise joining of the actions in
each sequence. The join operator yields the most specific subsumer (mss) of the entities
or a null value; the null value results when this information is unknown (limited domain
information) ? or when the mss is the root of the action hierarchy. In this case, the most
that one can say is that both are members of the action hierarchy, but it is impossible
to specify a more specific category that includes both. The join operator is defined
similarly for object types, and it is used to abstract the parameter types as actions are
joined. The final components to consider are the temporal and structural edges of the
action sequences. Two edges can be joined if the relationship on each edge is compatible,
and the sources and destinations of each edge can be joined. This operation produces a
potentially large set of abstractions that must somehow be interpreted as an abstracted

Zequality of types will yield the type of both actions even when no domain abstraction information is
provided
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action sequence. Maximal subsets of these abstractions subject to some consistency con-
straints are called valid joins, and represent the set of abstractions that can be obtained
from the initial action sequences. Bauer indicates that the join operator is commutative
and associative, and hence it can be incrementally applied to a set of action sequences.
The resulting abstractions can be considered plan decompositions for the goal that the
original action sequences were meant to achieve.

At this point Bauer introduces the notion of abstraction bias as a way to select between
multiple valid joins. He discusses two possible biases, and describes good approximations
that can be easily computed. The first bias is toward restrictive plan decompositions,
which allow little deviation. Such a bias may be justified when a recognizer wishes to
capture deviation from expected behavior quickly in order to remedy suboptimal behav-
ior. This bias can be heuristically implemented by selecting those decompositions that
contain larger numbers actions and constraints. A second bias is toward less restrictive
plan decompositions, which will be more lenient in tolerating spurious actions. This bias
may be justified in a help system context where it is desirable to recognize user plans so
long as their behavior is consistent with the currently hypothesized plan. In this case,
we wish to be as lenient as possible. A similar heuristic regarding the number of actions
and constraints can be used in this situation as well. In the previous case, we wish to
maximize the heuristic value, and in this case we wish to minimize it. This heuristic
yields plan decompositions that are nearly optimal based on the informally discussed
criteria of restrictive and lenient recognizers; see [Bau98a] for details.

This algorithm can find and remove spurious actions and temporal/structural constraints
by evaluating multiple action sequences for a particular goal. One consideration is that
the fidelity of plan decompositions are drastically reduced when hierarchy knowledge is
unavailable (recall that null values are produced by join if no abstraction information
is present and the items are not equal). As a result, this system is most effective when
that information is present. As Carberry notes in [Car01], determining this taxonomy
information is often closely related to creating a plan hierarchy in the first place. Fur-
thermore, plans that admit varying means of being accomplished will have very different
action sequences for which it may be the case that little or no information can be ex-
tracted. To deal with this, Bauer uses a heuristic based on the number of joinable actions
in two action sequences to determine whether or not the algorithm should be applied.
Different categories distinguished by the heuristic correspond to different ways of achiev-
ing the same plan/goal. Still, Carberry seems justified in saying that “this work seems
most appropriate for domains where data can be easily collected and where goals are
achieved by a small set of alternatives”.

Other work in automated knowledge acquisition is that of Lesh and Etzioni ([LE96]).
They address the same issue of attempting to learn the structure of plan hierarchies;
their method of using goal and plan biases (principles of preference) to construct a
plan library still requires that basic domain knowledge be encoded beforehand ([Car01]).
Probabilistic approaches may also benefit from machine learning techniques. Automati-
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cally learning the structure of Belief Networks removes some of the burden from system
designers, but as Carberry indicates, “it is unclear how applicable this might be for large-
scale plan recognition with complex influences among the actions and how extensive a
training set will be required”.

4.4 Scale

Issues of scale must be addressed in order for plan recognizers to achieve ubiquity. New
techniques are often developed in conjunction with small problem spaces in order to
demonstrate their usefulness, and as such, much of the relevant literature has implicitly
ignored scale issues even though most researches acknowledge their importance. Mak-
ing the transition to practical systems that operate in real-world settings necessitates
attention to issues of problem size. These issues include the number of goals that the
system can recognize, the number, granularity, and relationships between actions in the
domain, and the length of time for which the recognizer must operate.

There is a clear relationship between the number of goals that a recognizer is capable
of recognizing and its applicability. A system capable of recognizing more goals will be
applicable to more complex domains than a system capable of recognizing fewer goals.
Multiple factors may affect the number of goals that a system can recognize; the com-
plexity of the plans that achieve the goals, the number of ways to achieve goals, the
complexity of the computations performed by the recognizer, etc. For the purposes of
this discussion we assume that a representation for each domain is fixed, thus avoiding
differences introduced by domain models. We are interested in the intrinsic differences
between recognizers instead of variations introduced by representations.

It becomes more difficult for recognizers to infer goals when the number of possibilities
increases because there are more explanations to sift through. The logical approach must
explicitly consider each of these additional possibilities or filter them via some mecha-
nism. Due to the nature of backward chaining algorithms, these additional possibilities
may be considered many times in the context of different plans hypothesized to explain
the observed actions. This results in a computational expense as well as necessitating
more evidence to select from the additional possibilities. In probabilistic systems, the
probability mass must be distributed among a larger number of possibilities. Having
more goals in the system will in general provide more ways of explaining individual ac-
tions; this has the effect of distributing the evidential contribution of each action among
more goals, and hence decreasing its net effect on any particular goal. Thus, reaching
decision thresholds may take longer, requiring more observed behavior before being able
to make a prediction. Additionally, increasing the number of goals requires an increase in
the amount of data required to initialize the system probabilities. Similarly, an increase
in the number of observable actions can make the recognition process more difficult.
Backchaining algorithms suffer from the increased number of paths that can be traced
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from observed actions to potential goals. Probabilistic systems suffer from increased
data requirements and additional entries in the conditional probability tables.

Albrecht et al. ([AZN98]) handle a large number of possible actions and allow extended
periods of observation. Almost 5,000 unique actions were observed in their training
data, and typical observation sequences ranged between 25 and 500 actions. This is a
significant step forward in addressing larger domains (c.f. the cooking domain of Kautz
[Kau91]). However, this achievement does not come without cost. The system was able
to recognize only simple top level quests and could not recognize simultaneous quests.

Lesh and Etzioni ([LE95]) discuss version spaces as a way to deal with large goal sets.
The version space is a potentially compact way of representing the entire goal space.
Two sets of goal schemas are maintained, the set S of the most specific goals and the set
G of the most general goals. In this context, a goal GG; is said to be more general than
a goal Gy if every action sequence that is consistent with G is also consistent with Go.
Then every goal in a domain is a member of G, a member of S, or somewhere between
G and D. A goal is said to be between G and S if it is more general than some goal in
S and less general than some goal in G.

The intuition behind version spaces is that it is not important to enumerate every el-
ement of a very large set. In many cases it is sufficient to be able to determine when
the set has collapsed to zero elements (no goal is consistent with the observed action se-
quences), one element (a unique goal is consistent), or the case where all elements share a
common subgoal. Version spaces provide a framework that allows these conditions to be
checked more efficiently than if all goals were explicitly represented. The first condition
(no consistent goals) can be checked by testing to see if the sets S and G are empty. The
second condition (a unique consistent goal) occurs when S and G are both singleton sets
and contain the same element. The third condition (a common subgoal exists) occurs
when S is a singleton set and not equal to the set G. In this case, all goals that are still
consistent with the observed action sequence are more general than the unique member
of S, and hence this goal can be considered a subgoal of all remaining goals.

This treatment of goal recognition makes some strong assumptions about the plans of
agents that it will observe. It assumes that the agents will not make any mistakes and
will not pursue multiple goals simultaneously. Both of these situations could generate
action sequences for which no single goal is consistent, and hence the algorithm presented
by Lesh and Etzioni would not be able to find a goal to explain the agent’s behavior.
Additionally, it is unclear how to efficiently compute whether one goal is more specific
than another in the general case. The specific class of goals that they represented was
rather limited. Further work would be required to make this method amenable to real-
world plan recognition problems.

In the next chapter, we will address one further issue of scale: the ability of a recognizer
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to operate over an extended sequence of observations. The majority of systems known
to the author are ones that can operate on only a small number of observations. The
one exception that we have examined is the system of Albrecht et al. ([AZN98]), which
can handle extended observation sequences.

4.5 Summary

All of the issues described above are still open issues; any plan recognition system must
address them in some fashion. Solutions to the complexity problem for logical systems
have thus far been based on heuristic methods of filtering less desirable plan hypotheses.
Probabilistic systems have have tended to maintain probabilities for just the set of high
level goals instead of for all possible ways of achieving those goals, and thus have avoided
some of the difficulties experienced by backward chaining systems. Hybrid systems can
use either or both approaches. Complexity problems become even worse when additional
considerations of noise (observer misconception, observed agent misconceptions, unnec-
essary actions, etc.) are taken into account. The sources of knowledge for recognition
systems can be costly to obtain and to maintain; machine learning techniques have been
applied to automatically building plan hierarchy information from some more primitive
domain information, and methods of automatically updating plan hierarchies with new
information have been explored. As plan recognition becomes more mature, it is ap-
plied to ever more complex domains. In order to perform well, issues of scale must be
addressed.

In this discussion of plan recognition problems, we’ve mentioned a few important ideas
or observations that will be topics for the next chapter. The first is the notion that
there are multiple places in the plan recognition process where general reasoning can
play a role. Recognition systems augmented with general reasoning can be more flexible
in application of filtering strategies and in handling novel situations. The second is the
observation that most plan recognition systems to date have been limited in the length
of observation sequences that they can handle. Finally, we’ve noted a number of times
throughout this paper that recognizing the structure of an agent’s plans is in many
regards a harder task; specifying all the details and fitting all of the observed actions
into a coherent pattern can be tricky and sometimes impossible. Analyzing some of the
underlying assumptions about user plans may shed light on new roads to addressing
some of the problems mentioned above.
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Chapter 5

Future Directions

The problems discussed in the previous chapter are still open, and as such, provide fer-
tile ground for future research. Some of these problems have had more research devoted
to them than others; methods to address the complexity of the search space have been
necessary from the beginning. Others have seen less research; issues of scale and deal-
ing with noise have seen comparatively little. This chapter introduces some areas for
research that fall into the latter category, and are of particular interest to the author.
These topics will of necessity relate to one or more of the previously described problems,
but each introduces an element that has not previously been addressed. Topics regarding
assumptions in plan recognition, continuous plan recognition, and the incorporation of
general inference into plan recognition are motivated below.

5.1 Assumptions about Human Planning

As planning agents, we make plans to a level of detail that is sufficient for our purposes.
Plans for the future that are too detailed result in wasted thought as we are forced to
respond to the circumstances surrounding the planned activity. Plans that are under-
specified may not be capable of being fulfilled because the means for accomplishing the
goals have not been reasoned about in a timely manner. Bratman discusses the need for
partial and hierarchical plans in [Bra90]:

The strategy of settling in advance on such partial, hierarchically structured
plans, leaving more specific decisions till later, has a pragmatic rationale.
On the one hand, we need to coordinate our activities both within our own
lives and socially, between lives. And we need to do this in ways compati-
ble with our limited capacities to deliberate and process information. This
argues for being planning creatures. On the other hand, the world changes
in ways we are not in a position to anticipate; so highly detailed plans about
the far future will often be of little use and not worth bothering with. Par-
tial, hierarchically structured plans for the future provide our compromise
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solution.

Turning to a concrete example of our tendency to plan partially, take the example of
an individual that is planning the activities of the day. The agent may plan to “go to
work” and then “pick up the children” and then “return home”, without ever explicitly
making a plan for the actual routes that will be traveled that day. One might argue that
even in this case the details of the plans are being considered. So consider a hypothetical
world for this agent, a world where every vehicle is each day assigned a set of roads that
it is unable to travel on. Furthermore, this assignment can not be known in advance.
The only way to find whether or not a road is open to the vehicle is to attempt to drive
on it. In this case, it is futile for the individual to plan a route to work, to pick up his
children, or for any other task. All traveling plans (at the beginning of the day) will
necessarily be at the level of "go to X”. While this example may be far-fetched, it is
certainly not beyond our capabilities to reason in such a situation. Should we ever find
ourselves in such a city, we would make do by planning a route reactively. The fact that
we can so naturally adapt our thinking to function in this scenario suggests that we are
comfortable with planning at an abstract level of detail and interactively generating the
rest of the plans as required.

So we are capable of planning partially, and this may even be our preferred mode of
operation. Indeed, it seems that this is almost certainly the case. Planning every detail
of every plan in advance would require more time and patience than most are capable
of. A natural question to ask is whether or not the assumption made by traditional plan
recognition models (that the agents being observed are enacting complete plans) has any
adverse consequences. Two observations can be made immediately. The first is that ig-
noring the partial and hierarchical facet of human planning behavior leads to inaccurate
plan recognition models. What types of error are introduced by this type of erroneous
assumption? Will more accurate models, ones that acknowledge the incomplete and re-
active nature of human planning, yield better predictive capabilities? Further research
is required to illuminate the consequences, and to develop theories of plan recognition
that formally account for reactive agent behavior.

The second observation is that models which don’t incorporate knowledge about the
partial and hierarchical nature of human planning are ignoring a potential source of
information about “noisy” behavior. We observed that “reactive behavior” could be
interpreted as a form of noise in the previous chapter. Systems that ignore the source of
this noise deprive themselves of a principled way of making sense of it.

5.2 Continuous Plan Recognition

Another issue that has received relatively little attention is the size of the observation
sequences that a plan recognizer can handle. Most systems have been limited to a small
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number of input observations. Others that are capable of handling extended sequences
make strong assumptions about the goals that they will recognize (the system described
in [AZN98] recognizes one goal at a time and the system is informed when the goal has
been accomplished). In order for the potential of plan recognition to be realized, rec-
ognizers must be able to deal with complex observation sequences for extended periods
of observation, i.e. continuously. When this mode of operation has been achieved, then
the output of the plan recognition process may be used as input to other continuous
processes that occur in tandem.

As motivation for this capability, we turn to recognizing the plans of a collaborator
in task-oriented dialogue. Consider the TRIPS system, which in one application must
interact with human users in order to develop emergency evacuation plans. In this situ-
ation, the system must track an extended conversation and be able to recognize multiple
distinct and hierarchically related user goals. The user may have a top-level intention of
rescuing all people in the vicinity of some danger, and many subgoals for achieving it.
Throughout the course of the dialogue, the user may formulate new goals and abandon
existing ones as options are discovered or eliminated. A plan recognizer in this situation
must be able to robustly determine shifts in topic corresponding to the different goals
that the user has. Additionally, the user input may sometimes provide ambiguous in-
put, causing the recognizer to make an incorrect inference. The system must be able
to recognize as quickly as possible that it made an incorrect inference and be able to
recover gracefully from that mistake with as little waste of human effort as possible.!
This example suggests two important lines of research for continuous plan recognition:
distinguishing transitions in user goals and ability to perform robustly in the face of noise.

Recognizing multiple goals through an extended interaction is a difficult task. To date,
most recognizers have ignored this issue completely by limiting the input to problems
of the appropriate size ([AP80], [CG93]) or have been explicitly told when each goal
had been achieved ([AZN98]). Once techniques have been developed that manage the
complexity, the context provided by an extended interaction may actually provide bet-
ter ability to focus further inference. Furthermore, failure to explain a new observation
via the history of expectations provides evidence that a new goal should be recognized.
Research by Lambert and Carberry ([LC91]) regarding incremental recognition of do-
main, problem-solving, and communication plans may serve as a starting point for this
research. Other research by Rose et al. ([RELED95]) regarding complex focus shifts is
also relevant. The literature on continuous planning may provide additional insight on
mechanisms for balancing resources (time spent in inference) and recognizing cues that
signify further inference is necessary (i.e. expectations are no longer met and a new goal
must be inferred).

Perfect plan recognition is not possible because there is not a one to one correspondence

Wu ([Wu91]) contends that plan recognition systems should not be passive in this regard, that they
should actively address this situation by querying the user. While this principle may be appropriate
when applied judiciously, excessive use may hinder the problem solving process instead of helping it.
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Agentl What are you doing this weekend?

Agent2 My brother graduates.
Figure 5.1: A sample conversation

between action sequences and intention hierarchies. In many cases, multiple plans will
justify a particular sequence of observed actions. So plan recognizers will necessarily
make wrong predictions at some point. Recovering from these mispredictions is a capa-
bility that must be included in any long-term recognition process. Work by Eller and
Carberry ([EC92]) provides an initial investigation into the problem of recovering from
incorrect hypotheses about the agent’s plan, but it provides only simple variations of the
recognition system’s beliefs about the agent’s plan.

If plan recognition is performed continuously in real-time, then it can be used as a
constraining mechanism for other processes. Borrowing again from the field of Natural
Language, plan recognition could be used to disambiguate word meanings during parsing.
The current set of recognized intentions can act as a filter of admissibility, ? rejecting
those interpretations that are inconsistent or less compatible.

5.3 Reasoning in Plan Recognition

Conspicuously absent from plan recognition systems to date is the use of general rea-
soning capabilities. It is likely that this omission is an intentional one, owing to the
complexity of incorporating another inference process. This however, should not be
reason enough to prevent its inclusion; we examine briefly some arguments for adding
reasoning to plan recognition systems and suggest exploration into the nature of the
relationship between general reasoning and plan recognition as a potential research di-
rection. As a vehicle for exploring this relationship, we will examine the conversation
fragment in Figure 5.3.

Plan recognition and general reasoning faculties are at the very least two components
that are tightly integrated; perhaps the coupling is so tight as to make the two indis-
tinguishable. First consider the ways in which general reasoning and plan recognition
interact. Plan recognition in humans makes use of general inference in a number of roles.
One of these is to evaluate hypotheses (if not to propose them in the first place). In the
example conversation above, Agent2 will have to recognize Agentl’s discourse intention
of responding to the question. Furthermore, in order to make sense of the answer, Agent1
will have to infer Agent2’s intention to participate in graduation activities and hence to
have plans for the weekend. This involves reasoning about knowledge of graduations

%the phrase filter of admissibility has been used by Bratman to describe the role of intentions in
constraining the planning process to yield plans consistent with the intentions
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and the events that they entail. Agent2 must reason that Agentl is likely to go to these
events since the graduation is for Agent2’s sibling and because Agent2 has responded
to the question in this manner. This example is complex enough that we can see the
reasoning processes that Agentl must employ in order to infer Agent2’s intentions. But
just as reasoning plays a role in plan recognition, so too does plan recognition play a
role in reasoning. In reasoning about what to do over the weekend, Agentl may propose
the question observed in the conversation above. Plan recognition must be employed in
order to understand and reason about Agent2’s response. Thus it appears that there is
at the very least a tight coupling between the plan recognition and reasoning.

Further evidence is the fact that the requirements of reasoning drive the level of detail
at which plan recognition is performed. Consider the case that Agentl wishes to know
whether or not Agent2 is available to go on a camping trip for the duration of the
weekend, and has thus posed the question of Figure 5.3. In this case, merely knowing
that Agent2 has plans to attend a sibling’s graduation festivities is enough to terminate
plan recognition at the level of “intends to go to graduation activities”. However, if
Agentl wishes to know the exact whereabouts of Agent2 over the weekend, he may
reason from the knowledge of Agent2’s intention to attend graduation festivities and the
knowledge that Agent2’s sibling lives in another states to the conclusion that Agent2
intends to travel in order to attend the graduation festivities. In this case, Agentl’s
requirements for knowledge (posed by a reasoning process) have influenced the level of
detail included in the plan recognition. It is this type of example that shows just how
closely related the processes of plan recognition and reasoning are related. Perhaps they
are so tightly bound as to be the same process. There is some research literature that
seems amenable to this line of thought. Canamero poses plan recognition as a problem
solving activity in [Cn95].

Now that the plausibility of a close relationship between plan recognition and general
reasoning has been established we spend the remainder discussion discussing one pos-
sible application of reasoning in plan recognition systems: control of plan recognition
inference. A number of systems in the literature have hard coded methods of controlling
inference that could be replaced with a general reasoning procedure and knowledge spec-
ifying how to control the search. We address specifically the expectations that a system
may employ to constrain reasoning, augmented backward chaining, and a mechanism for
controlling the amount of reasoning performed.

As an example of incorporating expectation into a more general framework, consider the
expectation mechanism in [AP80]. It will only consider the plans MEET-TRAIN and
CATCH-TRAIN (and the null hypothesis) as possible explanations of user behavior. In-
stead of being hard-coded into the system structure, these plans could be specified in a
knowledge base as likely intentions for train-station visitors. More generally, one could
postulate that in situations of interaction between an agent and a service provider, the
agent will generally intend to “consume” one or more of the services provided. Since the
train-station provides “arrival” and “departure” services (knowledge in the knowledge
base), this postulate would allow one to infer that agents generally intend to consume
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an instance of an arrival or a departure. While the system may require additional facts
about how such services are consumed, it is reasonable to think that there would be
a MEET-TRAIN plan associated with the “consumption” of an arrival and a TAKE-
TRAIN-TRIP plan associated with “consumption” of a departure. In this manner,
general expectations could be derived from common-sense or domain knowledge.

Backward chaining algorithms, as described in Chapter 2, operate by extending hypothe-
ses to include higher level goals that explain the existing goals. The basic reasons for
chaining backward from a goal G1 to a higher level goal G4 are that the effects of G
satisfy a precondition of G2 (and thus G can be explained as making G2 possible) or
that G is a subgoal of G3. This process can be augmented by allowing generic reasoning
to infer these relationships instead of requiring them to be explicit in the representation.
The benefit that this provides is more flexible plan recognition and the cost is an ex-
panded search space.

Incorporating reasoning capabilities introduces computational complexity, but it is pos-
sible that the field of continual planning may provide some ideas for managing it. Con-
tinuous planning systems make use of monitors to track changes that could potentially
affect the reasoning process. In [Mye98|, failure, knowledge, and assumption monitors
are defined to alert the system of changes in the environment that need to be addressed.
Perhaps related constructs could be used to indicate the introduction of new facts that
conflict with the currently hypothesized intentions. Additionally, techniques use in the
PRS system described in [IGR92] specifically seek to limit the amount of time spent
reasoning.

5.4 Conclusion

This paper began with discussion of why it is important to study plan and intention
recognition, and how the two are related. Humans are planning creatures of necessity;
so too are software agents. Computer systems that interact with other agents, be they
human or otherwise, can improve cooperation by understanding the plans and intentions
of collaborators. The transition of computer systems from tools to aids and eventually
to autonomous collaborators requires the capability to recognize plans.

In Chapter 2 we discussed some of the formalisms that have been used by plan recognition
systems and laid the groundwork for an analysis of some influential and representative
systems presented in the literature. Chapter 3 presented a survey of five systems includ-
ing two logical systems, two probabilistic systems, and a third that combined elements of
logical and probabilistic approaches. This survey presented a wide variety of techniques
that have been employed in plan recognition systems.
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Chapter 4 addressed some of the problems that all plan recognition systems must address,
using the selected systems as a basis for motivating and explaining the issues. In this
final chapter, some new directions for research in plan recognition have been suggested.
These combine new assumptions and ideas with elements of the problems that have
been addressed. These directions seek to address the assumptions that current plan
recognition models are based on, improve the practicality of plan recognition systems,
and to generalize their capabilities. The author hopes that research on any or all of
these topics will move us toward the goal of computer systems that can act proficiently
as autonomous collaborators.
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