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This paper introduces the reader to the areas ofauto­
matic planning and plan recognition. The former
concentrates on the goal-directed synthesis ofplans
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, inorder to support more natural
human/machine interfaces and to model human commu­
nication. The paper also provides an overview ofsome
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
Acentral part ofintelligent behavior is the ability to explicitly

reason about action. What will occur ifI try to pick up the bottom block
ina stack ofblocks? What sequence ofmachine-tool operations should I
perform to manufacture a mechanical part? Why did Richard sendme
the following message:

From: richard @ vivace •
Date: Thu, 10 Sep B71B:12:1BEDT
To: kautz@bebop
Who knows how to use Gnu Emacs?

and what does he expect me to donext?
The fields ofplanning and plan recognition aim to formally

describe and construct computer systems that can answer these ques­
tions. Both fields address issues ofrepresenting knowledge about
actions and the plans created by the composition ofactions. The former
concentrates onthe synthesis ofplans that can be usedto achieve spec­
ified goals; the latter, onthe discovery ofthe plans, and thereby the
implicit goals, that underlie anagent's explicit actions.

The first question above illustrates the needin both fields to be
able to reason about the effects ofactions and the contexts inwhich
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they areperformed. Ifthestackofblocks isglued together,
theresultis thatI'mholding theentirestack. Iftheblocks
areloose, theresultmay bethatI'mholding a single block,
and therest have probably spilled onthetable.

The second question is an example ofplanning­
i.e., "stringing" actions togetherto make a plan that
achieves a desired goal (Panel I). The actions in this case
are machining operations, suchas drilling andmilling. The
goal is to manufacture a specified part.

The third question is an example ofa plan recog­
nition problem, where one mightreason as follows:
"Richard must have somereasonforasking 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'tknow any users ofEmacs, butI canrespond
to Richard's implicit goal bytelling him where the Emacs
documentation is kept."

Thispaperdiscusses techniques developed bythe
authors and others forformalizing and solving planning and
plan recognition problems.

Applications of Planning. Research inautomatic plan­
ning is generally concerned with ways ofsolving problems
ofthe following form: Given
1. A set ofgoals
2. A set ofallowable actions
3. A description ofan initial state ofaffairs

find a sequence ofactions that will bring about a state of
affairs inwhich all of the desired goals are satisfied. Prob­
lems ofthis form were the first to be explored in automatic
planning. We shall therefore refer to themas classical plan­
ning problems. While notall planning problems fit this
mold, at some level almost all planning problems embody
within themoneor moreclassical 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

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 otherapplications have beenor are being
examined as well. These include:
1. Robot planning>" where the object is to find a

sequence ofarm/hand/body motions necessary to
accomplish a desired task.

2. Automatic programming/microcoding.v- where the
object is to find a sequence ofmachine/microcode
instructions (i. e., a straight-line program) for effi­
ciently carrying outa specified computation.

3. Experiment design inmolecular genetics," where the



object is to propose a sequence oflaboratory steps for
creating a strainofbacteria capable ofmanufacturing a
desired protein.

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

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

Ageneral technique for solving suchproblems is outlined
in this paper. Thisrecent technique? unifies andgeneral­
izes ideas found inmany ofits predecessors.

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

Amajor area ofapplication involves advanced nat­
ural-language interfaces fordatabases andexpert systems.
One ofthe first research projects in this area'" modeled a
guide ina trainstationthat 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 ofan extremely
limited range ofinputs, commercial systems are now being
marketed which "skim" databases ofnewspaper stories
and other simple texts in order to extract the stereotypical
plans of the desired agents. 11

Amain streamof research incomputational lin­
guistics analyzes human language in terms ofthe
communication plans andspeechacts" that make up a
dialog. Thisveryactive area13•14 of theoretical research
promises to show how the plans andgoals that structurea

discourse are recovered andused in language comprehen­
sion. Difficult problems suchas word-sense ambiguity and
the reference ofpronouns canoften be resolved bythis
approach. While these projects aim to perform a very
sophisticated analysis ofan extremely limited range of
inputs, commercial systems are now being developed and
promoted which perform a "shallow" (and possibly incor­
rect) interpretation ofa broader range.

Notall applications ofplan recognition involve lan­
guage. The MACSYMA Advisor> helped users of that
powerful symbolic-algebra program bycreating a represen­
tation ofthe user's intended but"buggy" plan, and then
suggesting repairs. The input to the system was the series
offormulas originally input to MACSYMA. Another nonlin­
guistic application is an"operating system advisor" that
analyzes a transcript ofa user's session at a terminal. 16

The resulting user model includes information about the
user's goals, andcan serve as input to a "dowhat I mean"
(DWIM) facility.

Threeapproaches tosolving plan recognition prob­
lems areexamined inthispaper, with particular attention
given toarecenttechnique called abductive classification. 17

Planning
MathematicalModel. To program a computer to

solve a problem, one mustfirst construct a mathematical
abstraction ofthe problem that reflects all of the features
relevant to finding a solution. Planning problems are no
exception.

In the standard mathematical abstraction ofthe
classical planning problems, the world is presumed to be in
one ofa potentially infinite number ofstates. The effect of
anaction is to cause the world to make a transition from
one state to another. An action is therefore modeled as a \
set ofcurrent-state/next-state pairs specifying what the
effects of the action would be ineachstate ofthe world. In
a planning problem, weare told that the world is initially in
oneofa set ofpossible initial states andweare asked to
find a sequence ofactions that will leave the world inone
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ofa set ofacceptable 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 53' we would not end
up in a goal state if we were to start in state 5.,. Notice
also that not all actions can beperformed in every state;
for example, action B can be performed in state 56 but
not in state 53' 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 54 has
two potential outcomes (55 and 57)' 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 ingraph theory. However, unlike typical
path-finding problems, the number ofstates involved ina
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 oflanding a
spacecraft on the moon may be cast as a classical planning
problem. For this problem, the number ofstates 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 ofstates can be formulated and solved.

In most planning systems, formulas offirst-order
logic" are usedto describe facts about states (i.e., goals,

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 ofstates in which the formula is
true. To illustrate thisuse offirst-order logic, consider the
following problem. •

Suppose that we have a world that consists of
three objects-a briefcase, a dictionary, and a paycheck­
each ofwhich may be situated inoneoftwo locations: the
home or the office. Actions are available forputting 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, butthe 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 0, corresponding,
respectively, to the briefcase, dictionary, paycheck, home,
and office. In addition, two relation symbols, At and In,
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will be used to refer to the relations thatmay exist
between the objects and locations. At is a binary relation
such that At(x,y) is true ifandonly ifobject x is at location
y. I n is a unary relation such that I n(x) is true ifand only
ifobject 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 statesare precisely
those states inwhich the briefcase is at the office (i. e.,
At(B,O», the dictionary is at the office (i.e., At(D,O»,
and the paycheck is at home (i.e., At(P'H». The possible
initial states are thosestates inwhich:
1. B, D, P, H, and 0 are mutually unequal and, hence,

represent distinct entities.
2. B, D, P, H, and0 are the only entities inexistence.
3. The only entities thathave locations areB, D and P,

and they are all at H.
4. The only entity in the briefcase isP.,

To describe actions and theireffects, separate lan­
guages are often used. Most planning systems employ
variations onthe STRIPS operator language developed by
Fikes and Nilsson. 2 However, as discussed by Lifschitz"
and Chapman,'? STRIPS and STRIPS-based languages
have many inherent limitations having to do with semantics
and expressive power. Arecent language developed by
Pednault," onthe otherhand, overcomes these limitations
to a large extent.

In this language, called ADL (Action Description
Language), anaction is described in two parts. The first
part is a listofformulas that define the preconditions of
execution ofthe action. Thesepreconditions define the set
ofstates inwhich the action can be performed. For exam-
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pie, a precondition to walking through a doorway is for the
door to be open. The second part ofanaction description
is a set of transformation rules that specify how the state
ofthe world changes when the action is performed. Given
thatformulas offirst-order logic are used to describe
states, each state must correspond semantically to analge­
braic structure. 18 An algebraic structure defines a set of
objects thatexistin the world, along with a complete enu­
meration ofthe relations thathold among the objects. It is
these relations thatare referred to informulas (e.g., At
and I n). The effect ofjumping from one state to another
amounts to making changes in the values ofthe relations.
Such changes are specified inADL schemas as sets of
tuples to be added to and deleted from each relation.

TheADL schemas defining the actions for the
.briefcase problem are shown inPanel 3. The effect of
Pu tI n(x) is to cause object x to be placed in the briefcase
if it isnotalready there. Since the briefcase cannot be
placed inside itself, Pu tIn(x) hasas one ofits precondi-

tions thatx cannot be the briefcase (i.e., x *- B). It also
has the precondition thatx must be at the same location as
the briefcase (i.e., 3 1[At(X,l) A At(B,l)]), since other­
wise it would be impossible to putx inthe briefcase. The
effect ofTakeOu t(x) is to cause obje,ct x to be removed
from the briefcase. If x is notin the briefcase, the action
has noeffect. MovB(l) causes the briefcase and everything
init to change from theircurrent location to location 1. If
the briefcase and its contents are already at location 1,
MovB(l) has no effect.

As a notational convenience, a relation thatis not
explicitly modified is presumed to remain unchanged.
Thus, Pu tI n(x) and TakeOu t(x) do notaffect the At
relation, and MovB(l) does notaffect the In relation. In
this way, one need only specify what changes take place
when anaction is performed without having to enumerate
everything thatdoes notchange (compare Reference 21).

Plan SynthesIs. Historically, most research aimed at
solving planning problems hasbeenhighly experimental in



nature, the emphasis being to demonstrate ideas through
computer programs. Recently, though, the mathematical
foundations ofplan synthesis have beenexplored by
Chapman" and Pednault. 9 Chapman's analysis addresses
theSTRIPS framework and thus excludes actions whose
effects depend onthe context inwhich they are per­
formed. Such actions include the MovB(l) action ofPanel 3
and the action ofpicking upthe bottom block ina stack of
blocks discussed in the introduction. Pednault's analysis
greatly extends Chapman's results to include such actions
and to allow forhighly complex goals and incomplete
knowledge of the initial conditions.

The synthesis technique developed byPednault is
based ontwo properties ofClassical planning problems.
Thefirst is that the state of the world can change only
when anaction is performed. Consequently, ifa condition
is true at one point during the execution ofa plan butnot
at anearlier point, thenat some point inbetween anaction
was performed that made it true. The otherproperty is
thatplans must be finite. This implies that ifsome condi­
tion is true at one point during the execution ofa plan but
not at anearlier point, thennotonly must there have been
an action inbetween that caused it to become true, but
there must have beena last such action inthe interval.
These properties thus give rise to the following theorem:

Theorem 1. Acondition </> is true at a pointp dur­
ing the execution ofa plan ifand only ifone ofthe
following holds:
1. An action is executed prior to point p thatcauses

</> to become true and </> remains true thereafter
until at leastpoint p.

2. </> is true in the initial state and remains true
thereafter until at leastpoint p.

Thesecond clause ofthe theorem comes about by noticing
thatifsome condition is true at a point pduring the exe­
cuting ofa plan andis notfalse at some previous point,
then the condition must be true at all points prior top.

The preceding theorem is used as the basis for an
incremental planning technique inwhich actions are
inserted into a plan as needed andwhere 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. Ateach stage
inthe process, there is some current plan. This plan is
analyzed to identify those goals and preconditions thatare
notyet satisfied and to determine what additional actions
are needed to bring them about. Theappropriate actions
are theninserted, producing a new current plan and initiat­
ing a new cycle ofanalysis and modification. This process
ofrepeatedly analyzing and modifying the current plan con­
tinues until all goals and preconditions have been satisfied.
In situations where thereare multiple ways ofcausing a
particular goal or precondition to become true, the analysis
produces a set ofalternative modifications ofthe current
plan. In this case, one ofthe alternatives must be selected
and thencarried through. Since some ways ofeffecting
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 ofalterna­
tives before a solution is found.

Theorem 1 suggests two ways ofmodifying a plan
to bring about a goal: one is to insertanaction thatcauses
the goal to become true; the otheris to set upthe appro­
priate conditions to prevent the goal frombecoming false.
Thereis, however, a third option: since plans are built
incrementally, the action that causes a goal to become true
inthe final solution may already appear in the current plan.
Therefore, another way ofachieving a goal would be to
establish the appropriate conditions to enable anexisting
action inthe plan to cause the goal to become true. The
conditions that enable actions to achieve goals are called
causation preconditions, while the conditions thatenable
actions to preserve the truth ofgoals are called preserva­
tion preconditions. These conditions ensure that actions
are performed incontexts conducive to producing their
desired effects andare a key component ofthe planning
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technique outlined here. Methods have beendeveloped to
construct causation andpreservation preconditions auto­
matically from ADL schemas.

The three ways ofmodifying a plan may be illus­
trated bysolving the briefcase problem introduced earlier.
We begin the planning process with the plan shown inFig­
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 ofhaving the brief­
case at work. Since the briefcase is not initially at the
office, it mustbe brought there. The plan is therefore
modified byinserting the action MovB(O) (Figure 2b).
MovB(O) is to be the last action that achieves At(B, 0), so
At(B, 0) is removed from the list ofgoals anda record is
made that At(B, 0) is to remain true between the
MovB(O) action andthe goal state.

If we now consider the second goal, which is to
have the dictionary at the office, wenotice that it toois
unsatisfied in the initial state. However, since we have
already decided to bring the briefcase to work, the diction­
arywould be brought along as well ifit happened to be in
the briefcase at the time. Thiscanbe inferred from the
MovB(l) schema in Panel 3 bysetting l = °and matching
z with D in the second add-clause. The plan is therefore
modified byintroducing In(D) as a subgoal to MovB(O) to
allow this existing action to achieve At(D, 0) in addition to
At(B, 0) (Figure 2c). Technically speaking, I n(D) is a
causation precondition that enables MovB(O) to achieve
At(D,O).

The subgoal ofhaving the dictionary in the brief­
case is not true initially; therefore, wemustinsert the
PutIn(D) action to place it there (Figure 2d). Note that
the action ofplacing the dictionary in the briefcase has
as preconditions thatD =f= B and that the dictionary and
the briefcase be at the samelocation, which already hap­
pento be true.

After making these modifications, weare leftwith
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 settingup 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 ofthe
paycheck, so no special enabling conditions are necessary
for this action. However, bringing the briefcase to the
office will cause the paycheck to goalong as well ifit hap­
pens to be in the briefcase at the time. Thereforeto
prevent the paycheck from changing locations, the formula
.. I n(P) is introduced as a subgoal to the move-briefcase
action (Figure 2e). Technically speaking, .. I n(P) is a
preservation precondition that enables MovB(O) to pres­
erve At(P,H).

Since the paycheck is initially in the briefcase, it
mustbe removed byintroducing a TakeOu t(P) action. If
wechoose to remove the paycheck from the briefcase
before inserting the dictionary, thenour 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 2D.

It canbe shown that all solutions to any classical
planning problem canbe constructed in the manner illus­
trated above-s-i. e., by a combination ofinserting 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 ina par­
ticu�ar orderas doother techniques, e.g., those in
References 2, 3, and22. Thisavoids a tremendous amount
ofwasted effort trying different orderings until an appro­
priate oneis found.

Managing the Search Space. Asdiscussed 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
thesealternatives canbe quite expensive. If bis the aver­
age number ofalternatives encountered at each step and n
is the number ofmodification steps necessary to arrive at a
solution, one might potentially have to explore onthe
orderofbn alternative plans before a solution is found. If b
and n are too large, the problem under consideration
becomes computationally intractable. Clearly, it is advanta­
geous to find ways ofminimizing band n.

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

To defer achoice among actions, variables called
formal objects areintroduced asarguments toparameter­
ized actions. For example, suppose thattoperform a
particular task, acertain objectA must bemoved tomake
way for another objectB. Instead ofdeciding immediately
where tomoveA, avariable can beusedasaplace-holder to
defer this choice. Depending ontheothergoals we wish to
achieve, itmay beadvantageous tomoveA toaparticular
spot, perhaps toactasasupport for otherobjects. By intro­
ducing avariable, we can firstdetermine what must bedone
toachieve ourothergoals and thenusethis information to
decide upon thebestplace tomoveA. Such useofvariables
was firstproposed by Sussman" and hasbeenincorporated
into virtually all subsequent planning systems.

To defer a choice ofwhere to insertanaction, a
plan can be represented as a partial ordering ofactions
instead ofa total ordering as shown inFigure 2. For exam­
ple, in the solution to the briefcase problem, it really does
notmatterwhether we put the dictionary in the briefcase
before removing the paycheck or after. This indifference is
conveyed bythe following partial order:

Putln(D)

Initial state/ ""MOVB(O)-GOal state

~ /
TakeOut(P)

This plan states that Putln(D) and TakeOut(P) must
both be performed before MovB(O); however, the ordering
between Putln(D) and TakeOut(P) is left unspecified.
Similarly, partial orders enable us to insertanaction into a
plan without having to specify the ordering ofthataction
with respect to allotheractions. Such nonlinear plans
were first introduced bySacerdoti-' and are viewed as
being essential to efficient planning.

Another way ofreducing the size ofthe search
space is to employ a hierarchical planning strategy. The
idea here is to first plan at a coarse level ofdetail and then
successively refine the plan to finer levels ofdetail. For
example, consider the problem ofgetting to Chicago. The
initial plan might be to take anairplane, as opposed to driv­
ing or taking a train. The nextrefinement 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 lotand catch a shuttle bus. When it
comes time to execute this plan, it will be "fleshed out" to
the smallest detail, induding the actsnecessary to start
and steer the car, and so forth. Hierarchical planning is
essentially top-down design. It was first introduced to plan­
ning bySacerdoti.> Arecentanalysis 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 Recognition
The previous section defined a planning problem

by a set ofgoals, a set ofallowable actions, and aninitial
state. The statement ofa plan recognition problem



Figure 3. Simplifiedoperating system plan hierarchy.

includes a similar butnotidentical set offactors:
1. Aset ofallowable actions
2. Aset ofobserved actions
3. Descriptions of the contexts inwhich the observed

actions were performed.
The most general goal ofa plan recognition problem is to
find anexplanation of the observed actions in terms of
their occurrence inone or more plans that can be attrib­
uted to the actor. If only thesefactors were considered,
then every plan recognition problem would have a very
uninteresting solution: the plan consisting solely of the
observed actions. But ingeneral only certain plans are
acceptable explanations. Such a plan relates a typical pat­
tern ofevents to a goal that one may reasonably expect to

to arise in the current context.
Ina 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 notpurely deductive, butinvolves the
use ofheuristic assumptions and libraries ofcommon
plans. One must also determine at what point explanation
stops, that is, when one says, "Theagent acted insuch 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 onplan recognition hasbeenempirical and
experimental; the work byKautz" described below is the
first to provide anabstract mathematical characterization
of the process.

Consider the electronic message described at the
beginning ofthe paper. Aninadequate explanatory plan
would be that Richard sent the message simply. because he
wanted me to receive it. Abetter solution could be the one
described, where I view hisactas a step inthe plan to
learn how to use Emacs. But suppose I know thatRichard
infact wrote Emacs; inthis context, the proposed plan to
find outhow to use Emacs is veryunlikely, because its goal
already holds. Abetter explanation might be, for example,
a plan to find tutors to train new users.

Other factors may also help determine what con­
stitutes anexplanatory plan: forexample, one may devise a
way to measure the complexity ofa plan, and prefer the
simplest explanations. Acrucial heuristic is to minimize
the number ofunrelated 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 ofthe following:
1. Aset ofexpected goals
2. Alibrary oftypical plans
3. Apreference ordering over the space ofplans.

The Plan Library. The plan library imposes a hierar­
chical structure onthe space ofplans. 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 net26 inFigure 3 illustrates the plan!
subplan and specialization relationships between ~ome of
the plans useful to the user ofa computer operatmg sys­
temshell. We see, for example, that one way to
Manipulate a file is to Modify it, which requires
three substeps: make a backup cop y ofthe original,
Edit the original, and thenDelete 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. Threemain 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 inplan 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 ofAllen'? input a description ofa
patron's utterance (such as the cryptic question, "The
Montreal train?"), and considered t}\'o expected goals: the
patron was expected eitherto travel ona train, or to meet
someone arriving ona train. Thesystem searches for a
plan which connects the observed action to one ofthe
expected goals. (For a discussion oflanguage plans, see
Panel 4.)

Hypothesized plans are modified byinserting
actions which are enabled bythe observed action, or help
achieve the expected goal. If a plan appears which may be
a subplan ofanother, thenthe latterplan may also be
inserted. Anumber ofheuristics are usedto guide this
search. Plans are disfavored ifthey contain actions whose
effects are already true or whose preconditions are not
satisfied at the time they occur. Theincremental nature of
the search favors shorterplans.

Theresult ofthe search is a single explanatory
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plan. This straightforward formulation has the drawback of
finding only a single solution, even ifseveral solutions are
equally likely, and has trouble indealing with multiple
observations.

Plan Parsing. If oneconsiders only the hierarchical
structure of the plan library, and is dealing with a continu­
ous sequence ofdiscrete observations, it is natural to
formulate plan recognition as a parsing problem. Most of
theplan recognition systems applied to discourse use this
formulation, and perform a bottom-up parseofthe speak­
er's speech acts. Aproblem arises when there is
ambiguity-for example, the utterance "Do you know
where the Emacs manuals are?" could eitherbe part ofa
literal YeslNo question exchange, or a requestto find out
where the manuals are. The parser canchoose 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 ina formally
satisfying manner has recently led to formulation ofplan

recognition interms ofabductive classification. The term
"abduction" refers to the process ofinference to the best
explanation, while "classification" refers to use ofthe tax­
onomic plan library. The formal characterization ofthe plan
recognition process provides a sound basis for the con­
struction and justification ofparticular recognition
algorithms.

The library specifies logical constraints onthe
structure ofplans. If oneplan is a way ofperforming
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 eachofits steps. Panel 5
shows the logical form ofpart ofthe operating-system plan
hierarchy illustrated earlier. We have extended the notation
for plans introduced earlier in the paper byincluding anini­
tial parameter for the name ofthe particular instance ofa
plan. (This is nota feature ofthe ADL language.) For
example, a particular observed instance ofthe user delet­
ing the file "a.out" might be given the name Dj , and the
act recorded by the formula Delete(Dj,a.out).

Inorder to use the taxonomy for recognition, sev­
eralassumptions mustbe made. The first is that the
taxonomy is complete. Thisjustifies the abductive infer­
encefrom the observation ofa subplan to exactly the
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disjunction ofall plans in the taxonomy which contain that
subplan. Plans that donotappear as a step ofany other
plan are assumed to be "self-justifying." The particular
application determines which plans are self-justifying, and
do notstand inneedoffurther explanation. Kautz" shows
that "circumscription,"> an extension to ordinary logic
which hasgenerated much interest in the AI community,
can be usedto to automatically generate the necessary
completeness assumptions.

The second assumption is that a set ofobserved
actions can be explained bypostulating as few uhrelated
(self-justifying) plans as possible. Thisis a version of
"Occam's razor," which states that one should notmultiply
entities unnecessarily. Note that it is only anassumption: if
it is logically necessary to allow for, say, two unrelated
plans, onemakes that assumption, rather thanthe
stronger assumption that there is only one self-justifying
plan inexecution.

The second assumption defines a partial order
over the space ofexplanations. Explanations containing n
self-justifying subplans are preferred overthose containing
m such subplans, for all m > n. The observer is justified
ininferring any statementwhich holds true for the entire
class ofminimal explanations. In logical terms, from the
assumptions, observation, and taxonomy, the observer
deduces a description ofthe set ofmost likely explanatory
plans. The following simplified example from the domain of
anoperating-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. % copy foo bar
2. %copy jack spra t
3. % delete 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 ofcopying a file Cl' The

completeness assumption for copy lets the system infer
that C1 is eitherthe first step ofan instance of
RenameByCopy or the file backup step ofan instance of
Modify. Call this self-justifying plan 51' described by the
following disjunctive formula:

RenameByCopy(5Joo,bar) V Modify(51'foo)

From the second Copy, one can infer a similar disjunc­
tively described plan 52'

RenameByCopy (52,jack,sprat) V Modify(52,jack)

It is inconsistent to suppose that 51and 52are identical, so
the strongest simplicity assumption onecan 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 ofeither
RenameBycopy or Modify. Therefore observation
(3), Delete(C3,foo), is explained by a hypothetical plan
53' which is disjunctively described as eitherrenamingfoo
or modifying a file for whichfoo is a backup. The variable x
in the following formula stands for the otherfile (not yet
determined) to whichfoo is related:

3 x RenameByCopy (53,foo,x) V ~odify (53,x)

The simplicity assumption attempts to force 53 to
be the same as 51or 52' Delete(C3,foo) cannot be
grouped with eitherofthe earlier observations as the step
inmodifying a file where the backup copy ofthe file is
deleted (after successfully editing the original); nointer­
vening Ed it was observed, and furthermore, the file
names mismatch. Furthermore, 52and 53 cannot describe
the same plan to Rename a file, because the file names
jack andfoo don't match. Thus onecan conclude that
observations (1) and (3) are part of RenameBYCopy(51'
foo) , and (2) is part ofeither RenameBycopy(52,
jack, sprat) or Modify(52, jack). At thispoint the plan



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

*** Amore efficient way to rename a file
is to type

*** % move oldname new name

Although the recognition process has been
described inlogical terms, animplementation ofthis the­
ory does nothave to manipulate formulas as strings of
symbols. One efficient technique is to dynamically con­
structa graph to explain each observation, chaining from
each observation to the most-general self-justifying plan,
and thento minimize the number ofunrelated plans by
graph matching. The characterization ofthe theory as a
preference ordering over the plan space can be usedto
prove correctness ofthe graph-based algorithm.

Abductive classification handles general temporal
constraints between subplans, so that, for example, one
subplan may be constrained to runconcurrently with
another, or runinsequence. The taxonomic hierarchy can
bearbitrarily deep, and a single plan may be taken to be a
way ofperforming several otherplans. Independent work
by Reggia, Nau, and Wang29 presents a similar system as a
general model ofdiagnostic reasoning.

Current Work
Asystem is currently being implemented to test

and refine the planning technique discussed inthis 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 notassume a particular
application. However, the design does permit the planner
tobe tailored and tuned to a specific domain. Theplanner
will be tested, at leastinitially, onrobot planning problems.

The theory ofabductive classification is currently
being applied in the construction ofaninteractive 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 ofmessages to and from a worker ina computerized
office. Another possible application would be a system to
help coordinate the plans ofa number ofdifferent agents
working ona joint project, such as a large piece of
software.
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