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- This paper introduces the reader to the areas of auto-

matic planning and plan recognition. The former
concentrates on the goal-directed synthesis of plans
from primitive actions, and has applications in robotics,
experiment design, and other fields. The latter concen-
trates on methods for inferring the goals that underlie
an agent’s actions, in order to support more natural
human/machine interfaces and to model human commu-
nication. The paper also provides an overview of some
recent results obtained by the authors as part of their
doctoral research. The authors are continuing research
in these areas at AT&T Bell Laboratories.

Introduction

A central part of intelligent behavior is the ability to explicitly
reason about action. What will occur if I try to pick up the bottom block
in a stack of blocks? What sequence of machine-tool operations should I
perform to manufacture a mechanical part? Why did Richard send me
the following message:

From: richard @ vivace .
Date: Thu, 10 Sep 87 1,8:12:18 EDT
To: kautz@bebop

Who knows how to use Gnu Emacs?

and what does he expect me to do next?

The fields of planning and plan recognition aim to formally
describe and construct computer systems that can answer these ques-
tions. Both fields address issues of representing knowledge about
actions and the plans created by the composition of actions. The former
concentrates on the synthesis of plans that can be used to achieve spec-
ified goals; the latter; on the discovery of the plans, and thereby the
implicit goals, that underlie an agent’s explicit actions.

The first question above illustrates the need in both fields to be
able to reason about the effects of actions and the contexts in which
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they are performed. If the stack of blocks is glued together,
the result is that I'm holding the entire stack. If the blocks
are loose, the result may be that I'm holding a single block,
and the rest have probably spilled on the table.

The second question is an example of planning—
i.e., “stringing” actions together to make a plan that
achieves a desired goal (Panel 1). The actions in this case
are machining operations, such as drilling and milling. The
goal is to manufacture a specified part.

The third question is an example of a plan recog-
nition problem, where one mightTeason as follows:
“Richard must have some reason for asking who knows
how to use Emacs (a text-editing program). Finding out
who knows a piece of information is often the first step in
a plan to find out that information itself. Therefore, it is a
good bet that Richard wants to know how to use Emacs.
Now, I don’t know any users of Emacs, but I can respond
to Richard’s implicit goal by telling him where the Emacs
documentation is kept.”

This paper discusses techniques developed by the
authors and others for formalizing and solving planning and
plan recognition problems.

Applications of Planning. Research in automatic plan-
ning is generally concerned with ways of solving problems
of the following form: Given

1. A set of goals

2. A set of allowable actions

3. A description of an initial state of affairs
find a sequence of actions that will bring about a state of
affairs in which all of the desired goals are satisfied. Prob-
lems of this form were the first to be explored in automatic
planning. We shall therefore refer to them as classical plan-
ning problems. While not all planning problems fit this
mold, at some level almost all planning problems embody
within them one or more classical problems. In this
respect, the classical planning problems are among the
most fundamental.

Many real-world problems may be formulated
directly as classical planning problems. Thus, techniques
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Panel 1. What Does Al Mean by Planning?

Work on planning and plan recognition in artificial |
intelligence is distinguished by the attempt to automati-
cally generate and explore part of the space of plans, in ‘
order to find candidate plans that meet the desired crite- |
ria. This complements but differs significantly from the
concerns of operations research and decision theory,
which attempt to optimize a given plan, or choose between |
a small number of fully specified alternatives. While proba-
bility theory is relevant to plan recognition, nearly all work
in that field again makes the assumption that the problemis
solely one of choosing among fixed alternatives—not, asin |
Al, that of constructing the alternatives themselves.

A project manager thinks of “planning software”
as programs that assist in organizing a large number of par- |
allel tasks. The human makes the basic decisions about |
what should be performed and in what order; the com- |
puter notes conflicts and calculates temporal constraints. |
To someone working in artificial intelligence, a planning
system shoulditself decide what steps to take in what order.
This is amuch harder problem, and at present most plan-
ning systems can only construct short, sequential plans.
There is certainly great potential for research on systems |
that combine the planning technologies of the two fields.

for solving classical problems potentially have wide applica-
tion. Deciding how to machine a mechanical part is one
application that is currently receiving attention in the liter-
ature. Several other applications have been or are being
examined as well. These include:

1. Robot planning,2* where the object is to find a
sequence of arm/hand/body motions necessary to
accomplish a desired task. ,

2. Automatic programming/microcoding,3* where the
object is to find a sequence of machine/microcode
instructions (i.e., a straight-line program) for effi-
ciently carrying out a specified computation.

3. Experiment design in molecular genetics,® where the



object is to propose a sequence of laboratory steps for
creating a strain of bacteria capable of manufacturing a
desired protein.

4. Geological interpretation,” where the object is to
hypothesize a sequence of geological events (i.e.,
sedimentation, uplifting, intrusion, etc.) that could
account for an observed geological formation.

5. Natural-language generation,® where the object is to
construct a sequence of utterances to satisfy certain
communicative goals (i.e., informing, requesting,
promising, etc.). -

A general technique for solving such problems is outlined
in this paper. This recent technique® unifies and general-
izes ideas found in many of its predecessors.

Applications of Plan Recognition. Plan recognition
problems occur when human or computerized agents must
closely interact while lacking perfect knowledge of each
other’s intentions. The knowledge gained through plan rec-
ognition can improve coordination and reduce the
unpleasant consequences of unforeseen conflicts.

A major area of application involves advanced nat-
ural-language interfaces for databases and expert systems.
One of the first research projects in this area® modeled a
guide in a train station that could infer a user’s goal from a
fragmentary input (“The 8:15 to New York?”) or from an
indirect question (“Do you know where the Toronto train
leaves?”). Once the goal was known, a planning module
“fleshed out” the user’s plan, and provided helpful informa-
tion or warnings of possible problems. While this project
performed a very sophisticated analysis of an extremely
limited range of inputs, commercial systems are now being
marketed which “skim” databases of newspaper stories
and other simple texts in order to extract the stereotypical
plans of the desired agents.!!

A main stream of research in computational lin-
guistics analyzes human language in terms of the
communication plans and speech acts'? that make up a
dialog. This very active area'> of theoretical research
promises to show how the plans and goals that structure a

discourse are recovered and used in language comprehen-
sion. Difficult problems such as word-sense ambiguity and
the reference of pronouns can often be resolved by this
approach. While these projects aim to perform a very
sophisticated analysis of an extremely limited range of
inputs, commercial systems are now being developed and
promoted which perform a “shallow” (and possibly incor-
rect) interpretation of a broader range.

Not all applications of plan recognition involve lan-
guage. The MACSYMA Advisor's helped users of that
powerful symbolic-algebra program by creating a represen-
tation of the user’s intended but “buggy” plan, and then
suggesting repairs. The input to the system was the series
of formulas originally input to MACSYMA. Another nonlin-
guistic application is an “operating system advisor” that
analyzes a transcript of a user’s session at a terminal, 6
The resulting user model includes information about the
user’s goals, and can serve as input to a “do what I mean”
(DWIM) facility.

Three approaches to solving plan recognition prob-
lems are examined in this paper, with particular attention
given to a recent technique called abductive classification. ”

Planning

Mathematical Model. To program a computer to
solve a problem, one must first construct a mathematical
abstraction of the problem that reflects all of the features
relevant to finding a solution. Planning problems are no
exception.

In the standard mathematical abstraction of the
classical planning problems, the world is presumed to be in
one of a potentially infinite number of states. The effect of
an action is to cause the world to make a transition from
one state to another. An action is therefore modeled as a \
set of current-state/next-state pairs specifying what the
effects of the action would be in each state of the world. In
a planning problem, we are told that the world is initially in
one of a set of possible initial states and we are asked to
find a sequence of actions that will leave the world in one
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of a set of acceptable goal states.

Figure 1 illustrates this model. Notice that for
the problem shown, the only solution is to perform
action A followed by action B, since this is the only
sequence of actions for which there is a path from each
of the possible initial states to one of the acceptable goal
states. The sequence A followed by C, on the other
hand, is not a solution. Even though this sequence leads
to a goal state if we start in state S,, we would not end
up in a goal state if we were to start in state S,. Notice
also that not all actions can be performed in every state;
for example, action B can be performed in state S, but
not in state S,. An example in everyday life would be the
action of walking through a doorway, which can be per-
formed only when the door is open. Actions can also
have unpredictable effects and, hence, multiple out-
comes. For example, performing action C in state S, has
two potential outcomes (S, and S,), but it is impossible
to predict beforehand which will occur. This would corre-
spond, for instance, to flipping a coin.

Problem Representation. From Figure 1, it is evident
that classical planning problems are closely related to path-
finding problems in graph theory. However, unlike typical
path-finding problems, the number of states involved in a
typical planning problem is either infinite or at least so
large that it is impractical to enumerate them all. For
example, it has been shown? that the problem of landing a
spacecraft on the moon may be cast as a classical planning
problem. For this problem, the number of states is
uncountably infinite. Clearly, the standard graph-theoretic
path-finding techniques are inappropriate in such
instances.

Since the numbers involved usually prevent us

. from dealing with states and state transitions explicitly, we

must instead deal with them implicitly through language.
By constructing suitable (formal) languages for describing
facts about states and actions, problems that involve an
infinity of states can be formulated and solved.

In most planning systems, formulas of first-order
logic'® are used to describe facts about states (i.e., goals,

Possible

\
initial states [

v

L~ Acceptable

Solution = A;B goal states

Figure 1. A sample planning problem expressed as a state-
transition graph.

initial conditions, etc.). Each formula represents a set of
states—namely, the set of states in which the formula is
true. To illustrate this use of first-order logic, consider the
following problem. s

Suppose that we have a world that consists of
three objects—a briefcase, a dictionary, and a paycheck—
each of which may be situated in one of two locations: the
home or the office. Actions are available for putting objects
in the briefcase and for taking objects out, as well as for
carrying the briefcase between the two locations. Initially,
the briefcase, the dictionary, and the paycheck are at
home; the paycheck is in the briefcase, but the dictionary
is not. The goal is to have the briefcase and the dictionary
at the office, and the paycheck at home.

To refer to the objects and locations, we will use
five constant symbols, B, D, P, H, and O, corresponding,
respectively, to the briefcase, dictionary, paycheck, home,
and office. In addition, two relation symbols, 8t and In,



Panel 2. Goals and Initial Conditions
(For the briefcase problem as expressed in first-order logic)

Goals:

At(B,0) A at(D,0) A At(PH)

Initial conditions:

l. ¢, # c, for all distinct pairs ¢,, ¢c,€ B,D,PH,0

2. vx(x=BVzx
3. vxy(Atlxy) « [(x -
4. wx(In(x) «>x=P)

DVx=PVx=HVx=0)
BVx=DVx=P)Ay=H)

| Symbol Meaning
B briefcase
D dictionary
P paycheck
H home
0 office
At at location
In in briefcase

will be used to refer to the relations that may exist
between the objects and locations. At is a binary relation
such that At(x,y) is true if and only if object x is at location
9. Inis a unary relation such that In(x) is true if and only
if object x is in the briefcase.

Using these symbols, the goals and initial condi-
tions of the briefcase problem may be written as shown in
Panel 2. Thus, the acceptable goal states are precisely
those states in which the briefcase is at the office (i.e.,
At(B,0)), the dictionary is at the office (i.e., At(D,0)),
and the paycheck is at home (i.e., At(BH)). The possible
initial states are those states in which:

1. B, D, B H, and O are mutually unequal and, hence,
represent distinct entities.

2. B, D, B H, and O are the only entities in existence.

3. The only entities that have locations are B, D and P,

Symbol Meaning ]

A and ’
vV or |
- not

» implies
“r if and only if 29
Vv for all

3 there exists

and they are all at H.

4. The only entity in the briefcase is P.,

To describe actions and their effects, separate lan-
guages are often used. Most planning systems employ
variations on the STRIPS operator language developed by
Fikes and Nilsson.2 However, as discussed by Lifschitz
and Chapman,2 STRIPS and STRIPS-based languages
have many inherent limitations having to do with semantics
and expressive power. A recent language developed by
Pednault,® on the other hand, overcomes these limitations
to a large extent.

In this language, called ADL (Action Description
Language), an action is described in two parts. The first
part is a list of formulas that define the preconditions of
execution of the action. These preconditions define the set
of states in which the action can be performed. For exam-
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Panel 3. Actions for the Briefcase Problem

(As expressed in ADL)

PutIn(x) ;3:Put object x in the briefcase
Precond: x ¥ B, 3 I[at(x,]) A at(B,])]
Rdd: In(x)
TakeOut(x) ;3; Remove object x from the

briefcase

Delete: In(x)
MovB(/)

Add: At(B,))

At(z /) for all zsuch that In (2)

Delete, At(B,m) for all msuch thatm # [
At(z,m) forallz,m)such thatm=*I[A In(2)

ple, a precondition to walking through a doorway is for the
door to be open. The second part of an action description
is a set of transformation rules that specify how the state
of the world changes when the action is performed. Given
that formulas of first-order logic are used to describe
states, each state must correspond semantically to an alge-
braic structure.!® An algebraic structure defines a set of
objects that exist in the world, along with a complete enu-
meration of the relations that hold among the objects. It is
these relations that are referred to in formulas (e.g., At
and In). The effect of jumping from one state to another
amounts to making changes in the values of the relations.
Such changes are specified in ADL schemas as sets of
tuples to be added to and deleted from each relation.

The ADL schemas defining the actions for the °

“briefcase problem are shown in Panel 3. The effect of

PutIn(x)is to cause object x to be placed in the briefcase
if it is not already there. Since the briefcase cannot be
placed inside itself, PutIn(x) has as one of its precondi-

::: Move the briefcase to location/

tions that x cannot be the briefcase (.e., x # B). It also
has the precondition that x must be at the same location as
the briefcase (.e., 3 I [at(x,)) A At(B,))]), since other-
wise it would be impossible to put x in the briefcase. The
effect of TakeOut(x) is to cause object x to be removed
from the briefcase. If x is not in the briefcase, the action
has no effect. MovB(/) causes the briefcase and everything
in it to change from their current location to location /. If
the briefcase and its contents are already at location /,
MovB(J) has no effect.

As a notational convenience, a relation that is not
explicitly modified is presumed to remain unchanged.
Thus, PutIn(x) and TakeOut(x) do not affect the At
relation, and MovB(J) does not affect the In relation. In
this way, one need only specify what changes take place
when an action is performed without having to enumerate
everything that does not change (compare Reference 21).

Plan Synthesis. Historically, most research aimed at
solving planning problems has been highly experimental in



nature, the emphasis being to demonstrate ideas through
computer programs. Recently, though, the mathematical
foundations of plan synthesis have been explored by
Chapman?® and Pednault.® Chapman’s analysis addresses
the STRIPS framework and thus excludes actions whose
effects depend on the context in which they are per-
formed. Such actions include the MovB(J) action of Panel 3
and the action of picking up the bottom block in a stack of
blocks discussed in the introduction. Pednault’s analysis
greatly extends Chapman’s results to include such actions
and to allow for highly complex geals and incomplete
knowledge of the initial conditions.

The synthesis technique developed by Pednault is
based on two properties of classical planning problems.
The first is that the state of the world can change only
when an action is performed. Consequently, if a condition
is true at one point during the execution of a plan but not
at an earlier point, then at some point in between an action
was performed that made it true. The other property is
that plans must be finite. This implies that if some condi-
tion is true at one point during the execution of a plan but
not at an earlier point, then not only must there have been
an action in between that caused it to become true, but
there must have been a last such action in the interval.
These properties thus give rise to the following theorem:

Theorem 1. A condition ¢ is true at a point p dur-
ing the execution of a plan if and only if one of the
following holds:

1. An action is executed prior to point p that causes
¢ to become true and ¢ remains true thereafter
until at least point p.

2. ¢ s true in the initial state and remains true
thereafter until at least point p.

The second clause of the theorem comes about by noticing
that if some condition is true at a point p during the exe-
cuting of a plan and is not false at some previous point,
then the condition must be true at all points prior to p.

The preceding theorem is used as the basis for an
incremental planning technique in which actions are
inserted into a plan as needed and where needed to
achieve the desired goals. With this technique, one begins
with the empty plan (i.e., the plan containing no actions)
and adds actions until a solution is obtained. At each stage
in the process, there is some current plan. This plan is
analyzed to identify those goals and preconditions that are
not yet satisfied and to determine what additional actions
are needed to bring them about. The appropriate actions
are then inserted, producing a new current plan and initiat-
ing a new cycle of analysis and modification. This process
of repeatedly analyzing and modifying the current plan con-
tinues until all goals and preconditions have been satisfied.
In situations where there are multiple ways of causing a
particular goal or precondition to become true, the analysis
produces a set of alternative modifications of the current
plan. In this case, one of the alternatives must be selected
and then carried through. Since some ways of effecting
one goal or precondition may make it impossible to achieve
another, not all alternatives necessarily lead to solutions.
Thus, it may be necessary to explore a number of alterna-
tives before a solution is found.

Theorem 1 suggests two ways of modifying a plan
to bring about a goal: one is to insert an action that causes
the goal to become true; the other is to set up the appro-
priate conditions to prevent the goal from becoming false.
There is, however, a third option: since plans are built
incrementally, the action that causes a goal to become true
in the final solution may already appear in the current plan.
Therefore, another way of achieving a goal would be to
establish the appropriate conditions to enable an existing
action in the plan to cause the goal to become true. The
conditions that enable actions to achieve goals are called
causation preconditions, while the conditions that enable
actions to preserve the truth of goals are called preserva-
tion preconditions. These conditions ensure that actions
are performed in contexts conducive to producing their
desired effects and are a key component of the planning
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Figure 2. Steps in the
solution of the brief-
case problem.
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technique outlined here. Methods have been developed to
construct causation and preservation preconditions auto-
matically from ADL schemas.

The three ways of modifying a plan may be illus-
trated by solving the briefcase problem introduced earlier.
We begin the planning process with the plan shown in Fig-
ure 2a. In the diagram, the initial state is depicted
graphically while the goals are simply listed. The arrow
from the initial state to the goal state indicates that the ini-
tial state precedes the goal state in time. Note that no
actions yet appear in the plan. -

Let us first consider the goal of having the brief-
case at work. Since the briefcase is not initially at the
office, it must be brought there. The plan is therefore
modified by inserting the action MovB(O) (Figure 2b).
MovB(0) is to be the last action that achieves a8 t(B,0), so
At(B,0) is removed from the list of goals and a record is
made that At(B,0) is to remain true between the
MovB(0) action and the goal state.

If we now consider the second goal, which is to
have the dictionary at the office, we notice that it too is
unsatisfied in the initial state. However, since we have
already decided to bring the briefcase to work, the diction-
ary would be brought along as well if it happened to be in
the briefcase at the time. This can be inferred from the
MovB(/) schema in Panel 3 by setting / = O and matching
z with D in the second add-clause. The plan is therefore
modified by introducing Tn(D) as a subgoal to MovB(0) to
allow this existing action to achieve At(D,0) in addition to
Bt(B,0) (Figure 2c). Technically speaking, In(D)is a
causation precondition that enables MovB(0) to achieve
at(D,0).

The subgoal of having the dictionary in the brief-
case is not true initially; therefore, we must insert the
PutIn(D) action to place it there (Figure 2d). Note that
the action of placing the dictionary in the briefcase has
as preconditions that D # B and that the dictionary and
the briefcase be at the same location, which already hap-
pen to be true.

After making these modifications, we are left with
only one more goal to consider, which is to have the pay-
check at home. Since the paycheck is initially at home, one
way to achieve this goal is to prevent it from becoming
false. This is accomplished by setting up the appropriate
conditions to enable all the intervening actions to preserve
the fact that the paycheck is at home. Putting the diction-
ary in the briefcase does not affect the location of the
paycheck, so no special enabling conditions are necessary
for this action. However, bringing the briefcase to the
office will cause the paycheck to go along as well if it hap-
pens to be in the briefcase at the time. Therefore, to
prevent the paycheck from changing locations, the formula
—In(P)is introduced as a subgoal to the move-briefcase
action (Figure 2e). Technically speaking, — In(P)is a
preservation precondition that enables Mo vB(O) to pres-
erve At(BH).

Since the paycheck is initially in the briefcase, it
must be removed by introducing a TakeOut(P) action. If
we choose to remove the paycheck from the briefcase
before inserting the dictionary, then our final plan will be
to remove the paycheck from the briefcase, put the dic-
tionary in the briefcase, and bring the briefcase to the
office (Figure 2f).

It can be shown that all solutions to any classical
planning problem can be constructed in the manner illus-
trated above—i.e., by a combination of inserting new
actions to achieve goals, establishing the appropriate condi-
tions to enable existing actions to achieve goals, and
establishing the appropriate conditions to prevent goals
from becoming false. Hence, the technique is both general
and complete. It is also important to point out that the
technique does not require goals to be addressed in a par-
ticular order as do other techniques, e.g., those in
References 2, 3, and 22. This avoids a tremendous amount
of wasted effort trying different orderings until an appro-
priate one is found.

Managing the Search Space. As discussed earlier, at
any point in the planning process there may be several
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modifications one can make to the current plan. Exploring
these alternatives can be quite expensive. If b is the aver-
age number of alternatives encountered at each step and »
is the number of modification steps necessary to arrive at a
solution, one might potentially have to explore on the
order of 4" alternative plans before a solution is found. If b
and # are too large, the problem under consideration
becomes computationally intractable. Clearly, it is advanta-
geous to find ways of minimizing b and #.

One way to accomplish this is to employ a least-
commitment search strategy in which certain decisions are
delayed as long as possible until a more educated assess-
ment can be made as to the correct decision. This has the
effect of reducing the average number of alternatives that
will be considered. With the planning technique described
above, as with most planning techniques, one can delay the
exact choice of which action to insert in a plan and the
exact point of insertion.

To defer a choice among actions, variables called
formal objects are introduced as arguments to parameter-
ized actions. For example, suppose that to performa
particular task, a certain object A must be moved to make
way for another object B. Instead of deciding immediately
where to move A, a variable can be used as a place-holder to
defer this choice. Depending on the other goals we wish to
achieve, it may be advantageous to move A to a particular
spot, perhaps to act as a support for other objects. By intro-
ducing a variable, we can first determine what must be done
to achieve our other goals and then use this information to
decide upon the best place to move A. Such use of variables
was first proposed by Sussman? and has been incorporated
into virtually all subsequent planning systems.

To defer a choice of where to insert an action, a
plan can be represented as a partial ordering of actions

instead of a total ordering as shown in Figure 2. For exam- -

ple, in the solution to the briefcase problem, it really does
not matter whether we put the dictionary in the briefcase
before removing the paycheck or after. This indifference is
conveyed by the following partial order:

PutIn(D)

Initial state MovB(0)— Goal state

TakeOut(P)

This plan states that PutIn(D) and TakeOu t(P) must
both be performed before Mo vB(0); however, the ordering
between PutIn(D) and TakeOut(P) is left unspecified.
Similarly, partial orders enable us to insert an action into a
plan without having to specify the ordering of that action
with respect to all other actions. Such nonlinear plans
were first introduced by Sacerdoti?? and are viewed as
being essential to efficient planning.

Another way of reducing the size of the search
space is to employ a hierarchical planning strategy. The
idea here is to first plan at a coarse level of detail and then
successively refine the plan to finer levels of detail. For
example, consider the problem of getting to Chicago. The
initial plan might be to take an airplane, as opposed to driv-
ing or taking a train. The next refinement adds the step of
getting from one’s current location to the airport. This
subproblem might be solved by devising a plan to drive to
the park-and-ride lot and catch a shuttle bus. When it
comes time to execute this plan, it will be “fleshed out” to
the smallest detail, including the acts necessary to start
and steer the car, and so forth. Hierarchical planning is
essentially top-down design. It was first introduced to plan-
ning by Sacerdoti.?* A recent analysis by Korf? shows that,
while the plans constructed by this method are rarely opti-
mal, complex problems are virtually impossible to solve
without employing a hierarchical approach.

Plan Recoghnition

The previous section defined a planning problem
by a set of goals, a set of allowable actions, and an initial
state. The statement of a plan recognition problem
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includes a similar but not identical set of factors:

1. A set of allowable actions

2. A set of observed actions

3. Descriptions of the contexts in which the observed

actions were performed.

The most general goal of a plan recognition problem is to
find an explanation of the observed actions in terms of
their occurrence in one or more plans that can be attrib-
uted to the actor. If only these factors were considered,
then every plan recognition problem would have a very
uninteresting solution: the plan consisting solely of the
observed actions. But in general only certain plans are
acceptable explanations. Such a plan relates a #ypical pat-
tern of events to a goal that one may reasonably expect to

to arise in the current context.

In a classical planning problem, one can logically
deduce that a proposed solution achieves the given goal. In
plan recognition, however, one tries to infer a plausible
plan. This process is not purely deductive, but involves the
use of heuristic assumptions and libraries of common
plans. One must also determine at what point explanation
stops, that is, when one says, “The agent acted in such a
manner simply because he so desired.” Such backward rea-
soning from effect to cause is called “abduction” and is
much harder to formally characterize than pure deduction.
Most work on plan recognition has been empirical and
experimental; the work by Kautz!? described below is the
first to provide an abstract mathematical characterization
of the process.

Consider the electronic message described at the
beginning of the paper. An inadequate explanatory plan
would be that Richard sent the message simply because he
wanted me to receive it. A better solution could be the one
described, where I view his act as a step in the plan to
learn how to use Emacs. But suppose I know that Richard
in fact wrote Emacs; in this context, the proposed plan to
find out how to use Emacs is very unlikely, because its goal
already holds. A better explanation might be, for example,
a plan to find tutors to train new users.

Other factors may also help determine what con-
stitutes an explanatory plan: for example, one may devise a
way to measure the complexity of a plan, and prefer the
simplest explanations. A cructal heuristic is to minimize
the number of unrelated actions, that is, prefer plans in
which the observed actions contribute toward achieving
the same overall goal, rather than toward unrelated goals.

Thus a plan recognition problem may include any
or all of the following: _

1. A set of expected goals
2. Alibrary of typical plans
3. A preference ordering over the space of plans.

The Plan Library. The plan library imposes a hierar-

chical structure on the space of plans. We generalize the
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concept to permit a plan to be recursively constructed
from smaller subplans, and identify actions with plans of
length one. Furthermore, one plan may be taken to be a
specific way to perform another more general plan.

The semantic net? in Figure 3 illustrates the plan/
subplan and specialization relationships between some of
the plans useful to the user of a computer operating sys-
tem shell. We see, for example, that one way to
Manipulate afile is to Modify it, which requires
three substeps: make a backup Copy of the original,
Edit the original, and then DeTete the backup. The
Edit plan can itself be performed in two ways: one can
invoke Emacs or invoke Vi.

Such a library, or plan taxonomy, provides much of
the control information used in the plan recognition proc-
ess. Three main approaches have been taken to describing
this process itself. These are search, parsing, and abduc-
tive classification.

search. Plan recognition can be directly formulated
as a search in plan space, starting with a plan fragment
describing the observation, and one or more goals which
are expected to arise in the context. For example, the
train station help system of Allen* input a description of a
patron’s utterance (such as the cryptic question, “The
Montréal train?”’), and considered two expected goals: the
patron was expected either to travel on a train, or to meet
someone arriving on a train. The system searches for a
plan which connects the observed action to one of the
expected goals. (For a discussion of language plans, see
Panel 4.)

Hypothesized plans are modified by inserting
actions which are enabled by the observed action, or help
achieve the expected goal. If a plan appears which may be
a subplan of another, then the latter plan may also be
inserted. A number of heuristics are used to guide this
search. Plans are disfavored if they contain actions whose
effects are already true or whose preconditions are not
satisfied at the time they occur. The incremental nature of
the search favors shorter plans.

The result of the search is a single explanatory

Panel 4. Language Plans

In order to understand how and why language is
used, one may go beyond the syntactic analysis of lan-
guage, and view speech as a kind of planned, rational
behavior. The preconditions and effect of a speech act
describe the mental state of the speaker and hearer. For
example, in order to inform someone of some fact, the
speaker must know the fact; afterward, the hearer should
know the fact. This speech act could be represented in
ADL as follows:

Inform(speaker, hearer, fact)
Precond: Know(speaker fact)
Add: Know(hearerfact)

Other speech acts include interrogatives (or requests to
inform), commands, and performatives (nonlinguistic
actions that are performed by language, such as a judge
declaring a defendant guilty). A series of speech acts
makes up a discourse plan. For example, a plan to dis-
cover whether some proposition P holds may include the
performance of two speech acts: (1) the speaker requests
the hearer to either inform the speaker that P is true or
inform the speaker that P is false, and (2) the hearer car-
ries out that request.

The plan-based analysis reveals important uni-

| formities of language. For example, an agent normally

performs an action only if the agent desires the effect to
be true. Thus the hearer of an inform can deduce that the
speaker wants the hearer to know the fact—and this
desire must itself be explainable in terms of further goals
of the speaker. In this way a simple informative act can
transmit a request to achieve some higher-level goal. For
instance, the utterance, “It’s cold in this room,” can be
understood as an attempt by the speaker to make the

| hearer warm the room.

Planning has also been successfully employed in
text generation systems, where the system has the goal
that the hearer or reader comes to know all the material
to be conveyed.®




Panel 5. Logical Form of Operating System Plan Hierarchy (Partial)

1. Every RenameByCopy is a way of performing Rename.

v plan,old,new[RenameByCopy(plan,old, new) — Rename(plan,old, new)

2. Every RenameByCopy has two steps, Copying the file and Deletingit.

¥ plan,old, new [RenameByCopy(plan,old, new)

» 3 plan,, plan,, Copy(plan,,old, new) A Delete (plan,,old)]

3. Every Modi fy has three stéps, Copying the file to back it up, Editing the file, and Deleting the backup.

V plan,old |[Mod i fy(plan,old) —

] new, plan,, plan., plan., Copy( plan,,old, new) A Edit(plan,old) A Delete(plan,new))

plan. This straightforward formulation has the drawback of
finding only a single solution, even if several solutions are
equally likely, and has trouble in dealing with multiple
observations.

Plan Parsing. If one considers only the hierarchical
structure of the plan library, and is dealing with a continu-
ous sequence of discrete observations, it is natural to
formulate plan recognition as a parsing problem. Most of
the plan recognition systems applied to discourse use this
formulation, and perform a bottom-up parse of the speak-
er's speech acts. A problem arises when there is
ambiguity—for example, the utterance “Do you know
where the Emacs manuals are?” could either be part of a
literal Yes/No question exchange, or a request to find out
where the manuals are. The parser can choose the inter-
pretation which fits into an expected plan, or simply wait
for further input.

Recent work at AT&T Bell Laboratories by
Litman® and Hirschberg and Litman? extends the parsing
paradigm to handle interruptive subdialogs and uses
speech intonation to help reduce ambiguity.

Abductive Classification. The desire to deal with mul-
tiple, concurrent plans and observations in a formally
satisfying manner has recently led to formulation of plan

recognition in terms of abductive classification. The term
“abduction” refers to the process of inference to the best
explanation, while “classification” refers to use of the tax-
onomic plan library. The formal characterization of the plan
recognition process provides a sound basis for the con-
struction and justification of particular recognition
algorithms.

The library specifies logical constraints on the
structure of plans. If one plan is a way of performing
another, then the former is a sufficient condition for the
latter; logically, the former implies the latter. Similarly, a
plan is a sufficient condition for each of its steps. Panel 5
shows the logical form of part of the operating-system plan
hierarchy illustrated earlier. We have extended the notation
for plans introduced earlier in the paper by including an ini-
tial parameter for the name of the particular instance of a
plan. (This is not a feature of the ADL language.) For
example, a particular observed instance of the user delet-

- ing the file “a.out” might be given the name D,, and the

act recorded by the formula Delete(D,,a.out).

In order to use the taxonomy for recognition, sev-
eral assumptions must be made. The first is that the
taxonomy is complete. This justifies the abductive infer-
ence from the observation of a subplan to exactly the
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disjunction of all plans in the taxonomy which contain that
subplan. Plans that do not appear as a step of any other
plan are assumed to be “self-justifying.” The particular
application determines which plans are self-justifying, and

do not stand in need of further explanation. Kautz!” shows

that “circumscription,”? an extension to ordinary logic
which has generated much interest in the Al community,
can be used to to automatically generate the necessary
completeness assumptions.

The second assumption is that a set of observed
actions can be explained by postulating as few unrelated
(self-justifying) plans as possible. This is a version of
“Occam’s razor,” which states that one should not multiply
entities unnecessarily. Note that it is only an assumption: if
it is logically necessary to allow for, say, two unrelated
plans, one makes that assumption, rather than the
stronger assumption that there is only one self-justifying
plan in execution.

‘The second assumption defines a partial order
over the space of explanations. Explanations containing »
self-justifying subplans are preferred over those containing
m such subplans, for all m > n. The observer is justified
in inferring any statement which holds true for the entire
class of minimal explanations. In logical terms, from the
assumptions, observation, and taxonomy, the observer
deduces a description of the set of most likely explanatory
plans. The following simplified example from the domain of
an operating-system advisor illustrates this approach.

Suppose the plan recognition system observes
each action the user performs. During a session the user

" types the following commands.

1. Z copy £foo bar

2. ¥ copy jack sprat

3. Zdelete foo
The system should recognize two concurrent plans. The
first is to rename the file foo to bar. The second is to
either rename or modify the file jack. Let’s examine how
these inferences could be made.

Call the first instance of copying a file C,. The

completeness assumption for Copy lets the system infer
that C, is either the first step of an instance of
RenameByCopy or the file backup step of an instance of
Modify. Call this self-justifying plan S,, described by the
following disjunctive formula:

RenameByCopy(S,,fo0,bar) V Modify(S,, foo)

From the second Copy, one can infer a similar disjunc-
tively described plan S,

RenameByCopy (S, jack,sprat) V Modify(S, jack)

It is inconsistent to suppose that S, and S, are identical, so
the strongest simplicity assumption one can make is that
there are two unrelated plans executing simultaneously.

The completeness assumption for Delete states
that every instance of that act is a subplan of either
RenameByCopy or Modify. Therefore observation
(3), Delete(C,,fo0), is explained by a hypothetical plan
S,, which is disjunctively described as either renaming foo
or modifying a file for which foo is a backup. The variable x
in the following formula stands for the other file (not yet
determined) to which foo is related:

1 x RenameByCopy (S5,/00,%) V Modify (S, x)

The simplicity assumption attempts to force S, to
be the same as S, or S,. Delete(C,,f00) cannot be
grouped with either of the earlier observations as the step
in modifying a file where the backup copy of the file is
deleted (after successfully editing the original); no inter-
vening Ed it was observed, and furthermore, the file
names mismatch. Furthermore, S, and S, cannot describe
the same plan to Rename a file, because the file names
jack and foo don’t match. Thus one can conclude that
observations (1) and (3) are part of RenameByCopy(S,
f00), and (2) is part of either RenameByCopy(S,,

Jack, sprat) or Modi£y(S,, jack). At this point the plan



plan recognizer could trigger an “advice giver” to tell the
user:

*** A more efficient way torenamea file
is to type

*** Z move oldname newname

Although the recognition process has been
described in logical terms, an implementation of this the-
ory does not have to manipulate formulas as strings of
symbols. One efficient technique is to dynamically con-
struct a graph to explain each observation, chaining from
each observation to the most-general self-justifying plan,
and then to minimize the number of unrelated plans by
graph matching. The characterization of the theory as a
preference ordering over the plan space can be used to
prove correctness of the graph-based algorithm.

Abductive classification handles general temporal
constraints between subplans, so that, for example, one
subplan may be constrained to run concurrently with
another, or run in sequence. The taxonomic hierarchy can
be arbitrarily deep, and a single plan may be taken to be a
way of performing several other plans. Independent work
by Reggia, Nau, and Wang? presents a similar system as a
general model of diagnostic reasoning.

Current Work

A system is currently being implemented to test
and refine the planning technique discussed in this paper,
and to extend the mathematical analysis upon which the
technique is based. The planner is to be domain-
independent in that its design does not assume a particular
application. However, the design does permit the planner
to be tailored and tuned to a specific domain. The planner

will be tested, at least initially, on robot planning problems.

The theory of abductive classification is currently
being applied in the construction of an interactive plan rec-

ognition and tracking system. One application under
consideration would be integrated with an electronic mail
system and recognize and track the plans underlying the
flow of messages to and from a worker in a computerized
office. Another possible application would be a system to
help coordinate the plans of a number of different agents
working on a joint prolect such as a large piece of
software.
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