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Abstract.  In this paper we describe Constraint-based Attribute and Interval Plan-
ning (CAIP), a paradigm for represerting and reasoningabout plans. The paradigm
enables the description of planning domains with time, resources, concurrent ac-
tivities, mutual exclusions among sets of activities, disjunctiv e preconditions and
conditional e ects. We provide a theoretical foundation for the paradigm, based
on temporal intervals and attributes. We then showv how the plans are naturally
expressedby networks of constraints, and show that the processof planning maps
directly to dynamic constraint reasoning. In addition, we de ne compatibilities, a
compact mechanism for describing planning domains. We describe how this frame-
work canincorporate the useof constraint reasoningtechnology to improve planning.
Finally , we describe EUROPA, an implementation of the CAIP framework.

1. What Should a Planner Do?

In recert years, planning has been applied to complex domains, in-
cluding the sequencingof commandsfor spacecraftboth on the ground
and on-board (Jonssonet al., 2000). The domain of spacecraftopera-
tions requires corntrolling systemsthat are composedof many di erent
primitiv e componerts. Each componert may perform one and only
one activity at a time, and many componerts have restrictions on the
allowed sequencef activities. Each activity may have both absolute
and relative constraints on its start time, end time, and duration. Fur-
thermore, activities executing on di erent componerts or subsystems
may be mutually constrained in a variety of ways. Finally, resources
such as memory and power are often in limited supply on spacecraft,
imposing further restrictions on activity sequences.

Until quite recernly, researters studied problemsin planning repre-
sented in propositional formalisms suc as STRIPS (Fikesand Nilsson,
1971) or Planning Domain De nition Language(PDDL) (McDermott,
2000). In STRIPS, the world state is represerted by a set of propo-
sitions, and operators change the truth values of these propositions.
While these formalisms are powerful and have led to numerous con-
tributions in planning, it is dicult to represen problems involving
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time, resourcesmutual exclusion,and concurrency using propositions.
In order to represen time, propositions must re ect not only what is
true, but when it is true. In order to represen resourcespropositions
re ecting ead possiblestate of the resourcemust be introduced into
the domain theory. In order to enforcemutual exclusions,eadt operator
must have as preconditions an assertionthat ead mutually excluded
state doesnot hold. These factors invariably lead to large numbers of
propositionsand domain axioms. Sincepropositionsinclude no inherert
notion of time, it is di cult to decidewhat actionsin a plan take place
simultaneously, even when using a Partial-Order Causal-Link (POCL)
planner. Finally, it is dicult to expressand meet maintenance goals
in a propositional framework.

The restrictive represenation of STRIPS operators creates other
problems. STRIPS operators alone cannot be usedto ched for illegal
initial states. For example, considerthe Blocks World Moveoperator,
which repositions a block. A precondition of this operator is that the
intended destination block b be available, represened by the predicate
Clear(b) . The initial state On(x,table), On(y,x), On(z,x) is ille-
gal, becausethe intent of the operators is that only one block may
be stadked on any other block. Howewer, the operators Move(z,table)
and Move(w,x) can be applied sequetially; Move(z,table) asserts
Clear(x) asa consequenceeven though On(y,x) is still true . In ad-
dition, STRIPS operators hide the sourcesof disjunctiv e preconditions,
as they must be represenied in separate axioms, and it is impossi-
ble to expressconditional e ects in STRIPS. Extensions of the basic
STRIPS formalism have provided corveniert notations for disjunctive
preconditions and conditional e ects, but those are invariably handled
by splitting the operator descriptions, which makes for hard-to-read
models.

Constraint-basedrepresenations o er solutionsto many of the prob-
lemsthat arisein frameworks such asSTRIPS. The useof variablesand
constraints provides represerational exibilit y and reasoning power.
For example, variables can represert the start and end times of an
activity, and thesevariables can be constrainedin arbitrary ways. The
ability to model activities this way is a key componert of represen-
ing and reasoning about concurrert plans with absolute and relative
temporal constraints. More generally constraints can also be usedto
represen mutual exclusions,disjunctiv e preconditions, and conditional
e ects of actions. Finally, constraints can be used to represenn and
reasonabout many di erent typesof resources.

! PDDL handles this by explicitly intro ducing domain axioms.
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An additional advantage of a constraint-basedrepresenation is that
a wide range of constraint reasoning techniques and results can be
brought to bear on planning problems. For example, techniques like
consistencyenforcemen (Joslin, 1996; Jonssonet al., 2000), no-good
reasoningduring planning (Do and Khambhampati, 2000), satis abilit y
techniques (Kautz and Selman, 1996), domain independert heuristics
(Ghallab and Laruelle, 1994; Haslum and Ge ner, 2000) and the use
of constraint reasoningsystemsemploying linear programming (Pen-
berthy, 1993)have beenusedin di erent planners.By usinga constraint-
basedrepresenmation, we cortinue the trend set with these earlier ef-
forts.

In this paper, we describe Constraint-based Attribute and Interval
Planning (CAIP), a planning paradigm that explicitly supports time,
concurrency resources,and mutual exclusion. CAIP is built on the
notions of attributes, which describe concurrert threads of activity, and
intervals, which describe temporally extendedactivities and states.Our
goal in this paper is to describe a paradigm that makesit easierto
both specify complex planning domains and create planners that take
advantage of constraint reasoningtechnology.

Our paradigm builds on prior approadiesto planning with time and
attributes, the Remote Agent Planner (RAP) (Jonssonet al., 2000)
and IXTeT (Laborie and Ghallab, 1995; Ghallab and Laruelle, 1994).
RAP is derived from an earlier planning system, HSTS (Muscettola,
1994). Both were deweloped to work on real-world problems involv-
ing spaceoperations. Both are attribute-centric, in that plans consist
of attributes that take on changing values over time. IxXTeT usesa
point-based represenation of time while RAP usesan interval-based
represenation; the latter are similar to the Temporally Qualied As-
sertions (TQAs) rst introduced by Perberthy (Perberthy, 1993) and
later used by Joslin (Joslin, 1996). IXT eT has sophisticated resource
represemation and reasoning capabilities built into the planner in-
frastructure (Ghallab and Laruelle, 1994). Mutual exclusionon IXTeT
attributes is handled via a threat medanism similar to that usedin
POCL planning, while in RAP attributes require distinct intervals on
the sameattribute to betotally ordered.Both RAP and IXT eT require
that every time instant mapsto someinterval. Finally, RAP supports
disjunctiv e relationships betweenactivities, while IXT eT doesnot. The
Constraint-based Attribute and Interval framework provides the nec-
essary link between represettations like these and more traditional
propositional represetiations of planning domains.

The paper is organizedasfollows. In x2 we formally de ne attributes
and intervals, which are the fundamertal conceptsof our framework.
We de ne the groundedlogic of domain constraints and plansin terms
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of attributes and intervals, which provides a theoretical foundation for
the constraint-based approad. In x3 we de ne the constraint-based
approach to planning over intervals and attributes, show that CAIP

plans are naturally expresseddy networks of constraints, and show how
planning maps directly to dynamic constraint reasoning. We presen

a compact medanism for describing CAIP planning domains using
constraint templates called compatibilities. We also shav that the re-
sulting framework is both correct and complete In x4 we then discuss
how various advanced constraint reasoningtechniques can be usedto

take advantage of the CAIP represeration. In x5 we briey describe
EUROPA, animplementation of the CAIP framework. In x6 we discuss
previous work, and in x7 we concludeand discussfuture work.

2. The Attribute and Interv al Planning Framew ork

The motivation for our planning framework comesfrom the design
of complex concurrert systems, such as spacecraft. The system and
its interfaces are divided into componerts and subsystems,which we
refer to as attributes. Each attribute represents a concurrert thread,
describing its history over time as a sequenceof states and activities.
An interval describesa state or an activity with temporal extent. The
rules governing how subsystemsact and interact form the basis of the
planning domain constraints. A plan consistsof a sequenceof intervals
for ead attribute, sud that the planning domain constraints are sat-
is ed. The processof planning is basedon reasoningabout temporal
intervals that make up the sequenceof values of attributes. In the
remainder of this section, we formally de ne these key concepts and
the basic semarics usedin the framework.

2.1. Inter vals and Attributes

In order to plan concurrert activities and states with temporal ex-
tents, we needto represen the fact that an activity or a state extends
over some period of time. We use a basic notion of a state or activ-
ity that is similar to that used by STRIPS and other formalisms for
planning, in that ead state or activity is an atomic predicate in a
nite universe.Each predicate is de ned by a unique predicate name
and set of typed argumerts for the predicate. Temporal intervals are
a natural represertation for a plan of activities and statesthat change
over time. An interval species that a certain predicate atom holds
over a certain period of time. An interval can, for example, state that
Going(rock,lander)  holds betweentime 10 and time 20.
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In order to facilitate reasoningabout real systems,we reasonexplic-
itly about attributes and their states. Asscciated with ead attribute
is the set of valuesit can possibly take on, which are described using
intervals. As an example,considera simple domain for a planetary rover
with arobot arm. Supposewe only carewherethe rover is, and whether
or not the rover is collecting sampleswith the arm. We model this with
a Location attribute, which can take on valueslike At(lander) and
Going(lander,hill) , and an Arm-State attribute, which cantake on
valuessud as Collect-Sample(hill) , Idle() , and Off() .

Based on this, we formally de ne an attribute as a mapping from
time to a setof possiblevalues,ead of which is an interval. Sequencesf
non-overlapping intervals are a conveniert represenation of this map-
ping. Problem instancescan cortain multiple instancesof attributes, so
intervals also specify the attribute instanceswhosevalue they describe.
We will represen the attribute instancewith an additional parameter.
Formally, an interval consistsof a predicate logic statemernt, i.e. a pred-
icate headand a list of applicable parameters,a start time, an endtime,
and the attribute instanceto which it applies. To cortinue our simple
rover example, the above-menioned interval, which can be written as
holds(Location-Instance -1, 10, 20, Going(rock,lander)) spec-
i es that instance Location-Instance-1  of attribute Location takes
on the value Going(rock,lander) at time 10, and this value holds
until time 20.

As we have already mertioned, ead attribute can only take on
onevalue at any onetime. This correspondsto mutual exclusionrules
betweenintervals that apply to the sameattribute. More formally, let
holds(A, n, m, P) be an interval that species that the attribute
A has the value P from time n to time m Let holds(A, t, s, Q) be
another interval for the sameattribute. Either the time intervals [n,m]
and [t,s] aredisjoint, or P and Qare the sameatom.

2.2. Domain Constraints and Configura tion Rules

The basicstructure of a plan is a mapping of eat attribute instanceto
a sequenceof intervals. In order to constitute a valid plan, it must also
satisfy domain constraints that limit the interactions betweenactivities.

In STRIPS, the domain constraints are speci ed in terms of operator
descriptionsand implicit frame axioms. For ead operator (action), the
description speci es what must hold immediately before the action is
executed and what must hold immediately after the execution. For
ead uent (state), the operator descriptions, combined with the frame
axioms, specify what must happen for the uent to becometrue and
what can make the uent false. Simple STRIPS extensions are not
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su cien t to describe concurrert domains, for example delayed or tran-
siert e ects. STRIPS also does not handle disjunctions elegartly. For
thesereasons,we needa more sophisticated way of expressingdomain
constraints.

A domain constraint must describe the necessaryconditions under
which an interval can hold on an attribute in a valid plan. For a
simple example,considerour rover. Supposethat the groundedinterval
holds(Location, 10, 20, Going(rock,lander)) s part of the plan.
Supposefurther that the arm is fragile, and thus must be turned o
while the rover is traveling from one placeto another. This meansthat
there must be an appropriate interval on the Arm-State attribute that
ensuresthe arm is Off while the rover is Going. An interval suc as
holds(Arm-State, 10,20, Off()) , satis es this constraint. Howeer,
the interval holds(Arm-State, 9,21, Off()) would also suce, as
would a possibly in nite  number of sudch intervals.

We de ne for eadh possibleinterval | a set of con gurations O; in
which | legally can appearin a valid plan. Each con guration de nes
a conjunction of other intervals, Jjx, all of which must exist in a valid
plan cortaining the interval |. We refer to a disjunction of possible
con gurations asa con gur ation rule. Logically, a con guration rule is
an implication 1 ) O1 _ O, _ :::0;. Notice that this formalism easily
provides support for disjunctiv e preconditions and conditional e ects.

We can now formally de ne a planning domain:

DEFINITION 2.1. A planning domain D is a tuple (I ;A;R), wher
| is a set of intervals, A is a set of attributes, and R is a set of
con gur ation rules.

2.3. Planning Pr oblems

In order to complete the framework, we must de ne planning problem
instances and their solutions. In STRIPS, the problem instance de -
nition is limited to a complete speci cation of the initial values of all
uents and a set of goalsto be achieved at the end of the plan. This is
much too limiting for reasoningabout interactive, concurrert activities
over time. For example,speci ¢ activity goalsmay be part of the overall
planning problem, activities may be ongoingat the start or end of the
plan, and there may be temporal componerts to the overall goal of the
plan. It is more natural to require that a planning problem instance
be an incomplete plan, and the problem is to turn an incomplete plan
candidateinto a valid and complete plan. Unsequencedntervals can be
part of an incomplete plan; theseare assertionsthat someactivity take
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place, without a commitment of how or in what order the activities
occur. We formalize these de nitions below:

DEFINITION 2.2. A candidate plan for a planning domain D is a
mapping from attributes to sequenes of intervals and a set of non-
sguened intervals. Given a candidate plan Pc, a plan extensionis a
plan P suchthat there is a mapping from the intervals in P¢c to a subset
of the intervals in P, and the mapping maps each interval in Pc to an
identical interval. A valid plan is a candidate plan suchthat for each
interval |, and for each con gur ation rule R that matchesl, there is a
con guration O in R for which all of the intervals in O are also part
of the plan.

The job of a planneristo nd an extension of the initial plan suc
that all of the con guration rules in the domain are satis ed for all
intervals. This notion permits a wide variety of goals, including main-
tenanceand achievemert goals.lt is alsopossibleto usethis framework
for generating explanations by not specifying the initial state of oneor
more attributes. With this notion we can now completethe framework
by de ning a planning problem instance:

DEFINITION 2.3. A planning problem instance is a tuple (D;Pc),
where D is a planning domain and P¢ is a planning probleminstance.
A solution to the instance is a plan P that is a valid extensionof P¢.

3. Constrain t-based Interv al and Attribute Planning

We have now formally de ned a planning framework in terms of pred-
icate instantiations, interval instances for attributes, and grounded
con guration rules. While this provides a solid foundation for a plan-
ning framework that is signi cantly more expressie than traditional
STRIPS, the number of grounded intervals and con gurations in con-
guration rulesmay bevery large. Thus, it is not a practical framework
for solving planning problems. In this section, we turn the formal
framework into a practical approacd to planning.

3.1. Representing Candid ate Plans

We will represen candidate plans asa network of constraints. The core
idea of our constraint-based represenation is to generalizethe notion
of an interval to allow variables in place of grounded values in the
parameters, times, and attributes, and then use constraints on those

frank.jonsson.jconstraints.02.l atest .tex ; 14/06/2002; 16:58; p.7



8

variablesto represert domain constraints. As in traditional de nitions

of constraint networks, a variable hasa domain that speci es the set of
possiblevalues.A constraint hasa smpe that speci es a setof variables,
and a speci cation de ning the set of valid combinations of values
assignedto the variablesin the scope.

In order to employ a constraint-based represertation, we generalize
the notion of aninterval to allow predicate atomswith variablesand the
useof variablesto describe the times and attribute. We will useitalics
to denotevariables, and typewriter to denoteconstarts and predicate
names.An interval now becomesa tuple of the form holds (a;ts;te; P),
where a is a variable with the set of possibleattribute instancesasits
domain, and ts and te have the possibletime valuesas their domains.
Predicate atomsP takethe form p(x1;:::;Xk), wherep is somepredicate
nameand ead x; is a variable whosedomain is the setof possiblevalues
de ned by the type of the predicate parameter.

We introduce two extra constarts hg; he, to represett the horizon
of the plan. The obvious requiremert that actions in the plan occur
betweenthe horizons has an added complication, discussedin detail in
x3.3.

As noted above, a candidate plan is a mapping of attributes to
sequenceof intervals, a set of non-sequencedntervals, and a set of
constraints among the variables represerting the intervals. The gener-
alization to intervals with variables is straightforward, but it is worth
noting that the sequenceof intervals for a given attribute givesrise to
a set of constraints on the temporal variables of ead interval. To be
more exact, the end time of one interval is constrainedto be lessthan
or equal to the start time of the following interval.

Figure 1 shows a fragment of a plan and its CSP represenation.

3.2. Compatibilities

Having generalizedthe represenation of candidate plans, we nd that
constraints can be usedto signi cantly compressthe speci cation of
con guration rules. Considerthe example of our rover, where the arm
is restricted to be o0 whenewer the rover is moving. We noted that
this gives rise to a large number of con gurations that satisfy this
restriction. Using constraints and variables,however, we canreducethis
setto a single,compact expression.ln essencethe rule will say that for
any interval of the form holds (Location; s; e;Going(X; y)), there exists
another interval holds (Ar mState; s €% off ()), such that s° s and
e €% This notion of specifying constraint rules is generalizedto a
construct called a compatibility .
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Arm-State-1 Off ()
containedBy
I
Location-1 Going(hill,rock)

g_d=travelTimé hill,rock )

Figure 1. A plan fragment and its represertation asa CSP.

3.2.1. Compatibility Syntax

The basic structure of compatibilities is similar to that of con gura-
tion rules, as they specify that certain intervals must exist in order
for a given interval to appear in a valid plan. Con guration rules
specify both constraints on how attributes may ewlve, aswell ascross-
attribute constraints. For example, supposethat a rover travels from
the rock location to the hill location. The model must ensurethat
the rover's location is constrained to be the location hill as soon as
the traversal is complete. This can easily be turned into a constraint
on any interval of the form holds (Location; s; e;Going(rock ; hill )),
by requiring that it immediately be followed by an interval of the
form holds (Location; s €% At(hill )). This is accomplishedby assert-
ing that e = s® The limitations on cross-attribute restrictions are easily
encaded in the samemanner. Our previous exampleassertedthat while
the rover was travelling, the robotic arm has to be turned o; this
example involves an interval on the Location attribute asserting that
an interval must hold on the ArmState attribute.

Compatibilities canalsobe usedto limit the setofintervalsthat is al-
lowedto bein the plan, by using constraints onthe parametersof the in-
tervals. For example, supposegoing from the rock location to the hill
location takes 40 time units. This can be represened by a constraint
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on any interval of the form holds (Location; s; e;Going(rock ; hill )),
simply by requiring that e s = 40.

Finally, compatibilities canemploy guardsto limit the setof intervals
that the compatibility appliesto. For example, supposethe constraint
that the robot arm must be turned o while the rover is travelling
only applieswhen travelling to the location rock . We can usea guard
that indicates that the compatibility appliesto predicatesof the form
Going(loc-1,hill)

Basedon these obsenations, a compatibility hasto specify the set
of intervals to which it applies, the constraints on valid variable combi-
nations, and the set of valid con gurations. A simple compatibility is
structured as follows:

Head Interval: holds (a;ta;t2; 1 (X1;:::;Xk))
Guards: list-of v; 2 Gj
Parameter Constraints: list-of C; (Y;)
Disjunction of Con gurations: list-of
Con guration rule: list-of
Con guration Interval: holds (b;ts;t4; Jkr (z1;:::;2n))
Con guration Constraints: list-of K (W)

As previously describedin x2.2, compatibilities canbe understood as
implications; abusingnotation slightly, the semariics of compatibilities
are:

(holds (1) G1:::” Gi) )
(Cyi:~ Cj A (O1:_ Ok))

where
Os (holds (Js1) ™ Ks1, 0 Ksty,)

2N (holds (Jsr) ™ Kgry i ™ Kgryy)

Again, we utilize variables and constraints to make the represen-
tation more compact. Each of the guards speci es a domain G; for a
head interval variable, i.e. a variable in the setfa;ty;ts;x1:::Xkg. The
head and the guards specify the set of grounded intervals to which
the compatibility applies. Each C; is a constraint on the headinterval
variables, restricting the value combinations to those permitted by the
attribute de nition. Each con guration rule de nes a list of possible
con gurations. Each con guration, in turn consistsof a set of interval
templates, described by the interval speci cation, constrained with re-
spectto | by the generalconstraints K ,,, eat of which hasa scope W,
that combinesvariablesfrom the parametersof | and the parametersof
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the interval for J, that is, the setfa;b;t1;to;t3;ta; X111 Xk;21:::2Zn Q.
We will formally de ne the semartics of compatibilities in x3.2.2.

There aretwo reasongto separatethe speci cation of the constraints
restricted to the headinterval | from thoserelating the parameters of
| and Ji,. The rst is that it is a natural separation. The parameter
constraints C; are limited to the parameters of the predicate atom;,
these constraints restrict the ewlution of the attribute instance. The
remaining constraints K , enforcehow intervals on di erent attributes
are mutually constrained. The secondreasonis more technical. It is
possible that the conjunction within a con guration rule is empty,
indicating that interval | can appear in any con guration. In sucd
cases,using con guration constraints to constrain the parametersin
I would require adding unnecessarycon guration rule ertries.

3.2.2. Semanticsof Compatibilities
Any con guration rule can be expressedas a compatibility with a
groundedheadand a disjunction of groundedinterval sets,which means
that compatibilities and con guration rulesare equally expressive. How-
ewver, the use of compatibilities will invariably lead to an exponertially
smaller encaling of the domain constraints.

The semartics of a compatibility are as follows:

DEFINITION 3.1. Given a planning domain D and attribute A 2 D.
If A takeson the valuel (X), and all of the guard constraints v; 2 G;j
of a compatibility M are satis ed, then the following must hold:

All of the parameter constraints C;i(Y;) 2 M must be satis ed.

There is a con guration rule Oy 2 M suchthat, for each con-
gur ation interval Jy, (A) 2 Oy, there must exist a correspnding
interval JYA9 in the plan, suchthat:

The predicates of Ji, (A) and JYA9 match.

The con gur ation constraints K, (Wy,) of the con gur ation
interval hold on the domains of the variablesin the set A°

It should be noted that multiple compatibilities may be applicable
to a given interval; should that be true, all the compatibilities must
hold simultaneously.

Judicious use of guards allow us to create compatibilities that en-
force conditional constraints and con guration rules. We will seean
example of this in x3.2.5. This is an important extensionto the more
traditional non-conditional STRIPS rules, as conditional constraints
appear frequertly in real-world domains. In fact, the compatibility
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medanism is powerful enoughto expressa variety of complex plan
constraints including conditional e ects, disjunctiv e preconditions, and
arbitrary parameter relations.

3.2.3. Example: A Simple Compatibility

To ground this notion, let us again consider the rover domain exam-
ple, in particular the Going interval. Recall that we have a number
of restrictions on Going: The rover must be at the location it begins
the Going action, and must end up at the location it terminates the
Going action. The travel time dependson the departure point and the
destination; let us assumethis time is speci ed by a function named
travelTime . Lastly, while the rover is traveling, the arm must be Off .

The compatibility for Going is then speci ed as follows:

Head: holds (Location-1,sg; &5,Going(X; y))
Parameter Constraints: sq + travelTime(X;y) = g
Disjunction:
Con guration Rule:
Con guration Interval: met by holds (Location-2,S,1; €a1,At(a)),
a= X, Location-1 = Location-2
Con guration Interval: meets holds (Location-2,s,2; €42,At (b)),
b=y, Location-1 = Location-2
Con guration Interval: contains holds (ArmState,s,; €,,0ff)

Figure 2 shows this pictorially.

Arm-State Off()

containedBy

Location |At( a) e metby —|{ Going ( X,Y) B~ meets 3| At( b)

a=x s + travelTimek,y)=e y=b

Figure 2. A graphical diagram of a simple compatibilit y for Going(x,y). The param-
eter constraint is shovn beneath the Going interval. We omit the constraints on the
Location parameters for simplicity.

3.2.4. Example: A Disjunctive Compatibility

Let us now consideran example of a compatibility specifying optional
con gurations for an interval. To seehow this works, assumewe have a
more sophisticated rover model, in which turning the rover is modeled
explicitly. Now, Going can be preceededor followed by At or Turning .
This requires deciding whether or not to turn before traveling to the
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next location. The following compatibility shows the set of possible
con gurations for Going, indicating that this action can be preceeded
by At or Turning, and similarly can be followed by At or Turning .
Note, howewer, that the robot arm must always be o ; this part of the
compatibility is repeatedin every con guration.

Head: holds (Location-1,sg; &5,Going(X; y))
Parameter Constraints: sq + travelTime(X;y) = g
Disjunction:
Con guration Rule:
Con guration Interval: contains holds (ArmState, s,; €,,0ff)
Con guration Interval: met.by holds (Location-2,s,; €3,At(Q)),
Location-1 = Location-2
Con guration Rule:
Con guration Interval: contains holds (ArmState, s,; €,,0ff )
Con guration Interval: met by holds (Location-2,s,; €5, Turning (g)),
Location-1 = Location-2
Con guration Rule:
Con guration Interval: contains holds (ArmState, s,; €,,0ff )
Con guration Interval: meets holds (Location-2,s,; €5,At(Q)),
Location-1 = Location-2
Con guration Rule:
Con guration Interval: contains holds (ArmState, s,; €,,0ff)
Con guration Interval: meets holds (Location-2,s,; €5, Turning (q)),
Location-1 = Location-2

3.2.5. Example: Using Guards for Disjunctive Compatibilities

In the previous example, we retained the explicit disjunction syntax
from con guration rules. Howewer, we can represen disjunctions by
using explicit variables and guards. We intro duce new parameters to
the predicateswhosedomain is the set of disjunctiv e choices?. A set of
guardedcompatibilities on the sameinterval can specify the disjunction
of plan con gurations. The Going predicateis augmeried with variables
represerning the decisionsabout whether Turning or At precedesand
follows the Going. These variables are used in compatibility guards
to specify which con guration rules apply. By choosing the guards so
that only one compatibility can possibly be satis ed at a time, only
one con guration can apply. Furthermore, we eliminate the repetitive
speci cation of the limitations on the Off state by specifying the com-
patibilt y with no guard, so it applies to ewery Going interval. The
compatibilities are shavn herebelow, and Figure 3 shaws the structure

2 This is notational convenience only; the disjunctiv e variables can be de ned
anywhere in the scope of the compatibilit y.
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of the compatibilities graphically. Note that the compatibility syntax
is simpli ed, becausewe have omitted the disjunctions and replaced
them with variables.

Head: holds (Location-1,sg; €5,Going(x; y; p;f ))
Parameter Constraints: sq + tr avelTime(x;y) = g
Con guration Rule:
Con guration Interval: contains holds (ArmState, S,; €,,0ff )

Head: holds (Location-1,sg; €5,Going(x; y; p;f ))

Guards: p = at-bef-go

Con guration Rule:
Con guration Interval: met by holds (Location-2,s,; €3,At(Q)),
g = X, Location-1 = Location-2

Head: holds (Location-1,sg; €5,Going(x; y; p;f ))

Guards: p =turn-bef-go

Con guration Rule:
Con guration Interval: met by holds (Location-2,s;; e;,Turning (q)),
g = X, Location-1 = Location-2

Head: holds (Location-1,sy; €5,Going(X; y; p;f))

Guard: f =at-aft-go

Con guration Rule:
Con guration Interval: meets holds (Location-2,s,; €,,At(Q)),
=Y, Location-1 = Location-2

Head: holds (Location-1,sy; €5,Going(X; y; p;f))

Guards: f =turn-aft-go

Con guration Rule:
Con guration Interval: meets holds (Location-2,s;; e, Turning (q)),
g = X, Location-1 = Location-2

The advantage of using conditional compatibilities rather then ex-
plicit disjunctions is twofold. First, the explicit use of variables to
specify choicesis a more natural and more e ectiv e represenation in
constraint-based reasoning. The variables in the guards can be con-
strained in the same manner as all other variables, and we can now
propagate to and from the variables in the guards, possibly limiting
the legal con gurations by reducing the legal variable domains of these
variables.Secondly the application and semartics of compatibilities are
simpli ed.
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Arm-State Off()
containedBy At( b
At( a) e P ('b)
[~ p=at-bef-go =at ;egtg :
x=a mety  — I Going b y=b
(x.y.,p.)
Location - : PR
p=turn-bef-go  : f=turn=aft-go
met-by meets
sttravelTimegk,y)=e -
Turning( a) €y Turning( b)
X=a y=b

Figure 3. A graphical diagram of a disjunctiv e compatibilit y for Going(x; y). The
constraints are shawn beneath the Going interval. The conditional con guration
rules are shown by placing the guards and temporal relations on the arcslinking the
intervals that exist in the plan if the guard is satis ed. Attribute equivalencesare
omitted.

3.3. Building Plans

Recall that in our constraint-based represettation, actions and states
are described using intervals where timepoints, parameters and other
information is represerted by constrainedvariables.We now extend the
de nition of candidate plans givenin x2.3: a candidate plan consistsof a
mapping of attributes to sequence®f intervals, a set of non-sequenced
intervals, and a set of additional constraints on variables in the given
intervals. The notions of valid plan and plan extensionare extendedin
an analogousmanner. This is a very expressie approad to specifying
planning problems, asit allows usto compactly specify setsof possible
interval instantiations.

We now turn our attention to the basisof the planning process,by
describinghow sud candidate plans can be modi ed to turn them into
valid plans. First, we showv how to modify plansin order to seard the
spaceof possibleplans. Next, we extend the notion of complete plans
to su cient plans Finally, we discusshow compatibilities are satis ed
in the planning process.

3.3.1. Madifying Plans

We now de ne the operations that modify plans, and can be used
to seard for a valid complete plan. The rst group of modi cations
either adds new decisionsto the plan or reducesthe number of options
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remaining for existing decisions,and thus potentially reducethe set of
valid plan extensions,and so are called restrictions:

Satisfying a compatibilit y interval requiremert. First, the existence
of the interval must be satis ed. This can be accomplishedin two
di erent ways:

A new interval can be inserted between two intervals on an
attribute, along with the implied ordering constraints that
relate the start and endtimes of the intervals involved. Notice
that if there is insu cien t time to insert the new interval, the
temporal constraints enforcing the total ordering of distinct
intervals on the attribute will be violated.

Constraints are added to force an existing interval to satisfy
the compatibility elemer in question. Note that this requires
that the existing interval matchesthe interval speci ed and
that the constraints added do not causeinconsistency

The required parameter constraints and con guration constraints
linking the two intervals are then addedto the plan.

An unsequencedinterval can be inserted on an attribute. The
choicesare de ned by the domain of the attribute variable, and
the intervals already in place on the compatible attributes.

The domain of a variable can be restricted. The obvious choices
are to assigna value to unassignedvariables, but it is also possible
to reducethe set of possiblevalues.

The inversesof these operations are relaxations

In terms of constraint-basedreasoning,the restriction and relaxation
operations map directly into the notions of strengthening and weaken-
ing of constraint networks, as those notions are de ned for dynamic
constraint problems. As we will seehere below, this is one of the key
strengths of this approad, as there are many well-known techniques
available to reasone ectiv ely about dynamic constraint networks.

3.3.2. Sucient Plans

The traditional de nition of a complete valid plan requiresthat all of
the constraints are satis ed, all intervals have beensequencedand that
the plan hasbeenfully speci ed to the end of time. Howeer, this is an
unnecessarilyrestrictive de nition. In many applications of planning,
the entit y executinga plan can\ Il in" unspeci ed parts of the plan. A
common example of this is the plan horizon, mentioned in x3.1. When
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building a plan for execution,the goalis typically to build the plan up to
a certain timepoint, the plan horizon. This allows the planner to ignore
activities that fall outside the horizon. As another example,the Remote
Agent (Jonssonet al., 2000), was capable of instantiating unbound
temporal variables during execution. Thus, the planner did not fully
ground every temporal variable. To allow for such exibilit y, we will
refer to plans that satisfy a given set of completenessrequiremerts as
su cient plans

We now elaborate on the de nition of the extension of a candidate
plan. Given a candidate plan Pc, an extension of P¢c is a plan P such
that:

There is a mapping from the intervals in Pc to a subset of the
intervals in P that maps ead interval | in Pc to an interval J
in P that has the same predicate and such that the domain of
a variable in J is a subset of the domain of the corresponding
variable in 1.

P satis es all the constraints givenin Pc.

Clearly, the set of plan extensionsmay be empty, which indicates
that the candidate plan is invalid. In general,it is intractable to identify
invalid candidate plans, but it is easyto seethat if any constraint is
violated by a candidate plan, the candidate is invalid. We can now
re ne the solution of a planning problem instance to be a su cient
and valid extension of the initial plan candidate Pc.

Three things distinguish candidate plans from solutions. One is that
there may be unbound variables, which represen choicesin the exact
speci cation of intervals. Another is that there may be unsequenced
intervals in the candidate plan, which have to be sdeduled onto the
appropriate attribute. The third and last is that someapplicable com-
patibilities may not yet satis ed, in the sensethat there are intervals
that are required to be in the plan by somecompatibility, but are not
yet sequenced.Recall that these distinctions only apply to variables
and intervals that the su ciency condition doesnot otherwise exclude.

For variables, the choicesto be madeare straightforward. If multiple
values remain in the domain of a variable, one must be selectedas
the value assignedto the variable. Obviously, the value chosen must
satisfy all constraints in the plan. For unscheduled intervals, the set
of possibledecisionsis also clear, with one slight wrinkle. In addition
to being placed before or after other intervals, unsequencedntervals
canbe equatedwith intervals that have the samepredicate. This corre-
spondsto satisfying a goal in traditional planning by using an existing
state in the plan. The variables of the merged interval are equated,
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and must satisfy all con guration and parameter constraints related to
both intervals. It remainsonly to describe how the compatibilities are
satis ed.

3.3.3. Satisfying Compmatibilities

Handling unsatis ed compatibilities is the trickiest part of building

plans. There are two main reasonsfor this. The rst isthat satisfying a
compatibility may involve multiple decisions.In the CAIP framework,

this is handled by conceptually splitting the compatibility enforcemen

into a set of separatedecisions.The secondissueis that the decisions
enforcing the satisfaction of a compatibility must continue to hold as
planning proceeds.

Before we describe our approad to handling unsatis ed compati-
bilities, let uslook at the analogousissuein classicalPOCL planning.
In concurrert plans, the preconditions required by any given action
must be achieved by a set of earlier actions, suc that no other actions
can delete a preconditions before the action requiring it begins. The
secondissue here above, then, becomesa question of how to ensure
that adhieved preconditions remain enforced until the action is ready
to execute.In POCL planning, this is done by explicitly adding the
safety conditions and causallinks aspart of the decision-makingprocess
(McAllester and Roserblitt, 1991).

Turning our attention bad to the CAIP framework, recall that ead
compatibility de nes a set of parameter constraints and a set of con g-
uration rules. Sincethe framework is basedon an underlying constraint
network, enforcing the parameter constraints is straightforward; they
are simply addedto the constraint network whenthe interval is created.
When the compatibility is no longer applicable, the constraints are
removed. The handling of the con guration rules is somewhat more
involved, but also builds on the constraint-based represenation used
in CAIP.

Let us considerenforcing a con guration rule on aninterval | that is
part of a plan. Supposethe con guration rule onl requiresthe existence
of an interval J, along with some constraints K. The constraints K;
are created along with J, and are added to the constraint network.
Consequetly, any future decisionsmade during planning must satisfy
these constraints along with the other constraints in the plan. The
planner can satisfy the needfor the interval J by either equating J with
some existing interval, or by sequencingJ between a pair of ordered
intervals. In both cases,new constraints are added to the plan, and
again, any future decisionsmade during planning must satisfy these
constraints. This posting of constraints is a natural extension of the
notion of causallinks and ordering constraints in POCL planning.
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3.4. Planning Framew ork Correctness and Completeness

Before we can formalize our correctnesscriterion, we note that it is not
possibleto build an arbitrary su cien t and valid extension of a given
candidate plan, using only the operations we de ned here above. Con-
sider a domain with oneattribute |, for which there are two intervals A
and B. Now considera candidate plan with onefully groundedinterval
A. Assumefurther that the su ciency criteria eliminates all intervals
and variables that would otherwise be required by the compatibilities
for A. This candidate plan is a su cien t and valid plan. Howewer, a plan
where another interval, B, has been added after the original interval
is also su cient and valid, but cannot be generated only by adding
intervals required by compatibilities and not excludedby the su ciency
criteria.

Our correctnessand completenessproof must take this issueinto
accourt. This is done by requiring only that the plan modi cation
operations be able to construct an \in termediate" extensionthat can
be further modi ed by adding the necessaryintervals and constraints
to construct any su cien t valid extensionof the initial plan.

THEOREM 3.1. Let D be a domain, and let Pc be a nite length plan
candidate. Let Q be any nite length su cient and valid extension of
Pc. Then Pc can be transformed into a su cient and valid extension
P of Pc by a sequene of plan madi ¢ ations asdescriled in x3.3.1, such
that P can be transformeal into Q by adding a (possibly empty) set of
intervals and constraints to P.

We will outline the formal proof here, by showing that there exists
a sequenceof plan modi cations that transforms P¢ into a valid and
sucient plan P, sud that applicable compatibilities are satis ed in
the sameway asin Q, and necessaryariable assignmems and interval
sequencingdecisions are made the sameway as in Q. We initialize
P = Pc and apply the following operations repeatedly:

if someapplicable compatibility is not enforcedfor an interval

nd a set of intervals in Q that satisfy the compatibility in
question

if matching intervals already exist in P, add any constraints
in Q that arenot in P

otherwise, add a new interval to P, sequencingt in the same
way it appearson attributes in Q

if an unsequencednterval in P is sequencedn Q, then sequence
it in the sameway asin Q
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if aninterval in P has a variable whosevalue is a superset of the
assignmen in Q, make the variable assignmen

Halt this processwhen P is valid and su cien t.

It is relatively straightforward to seethat the processhalts with a
valid and su cien t plan P. First, we note that the set of compatibilities
that must be satised in Q is nite, since Q has a nite number of
intervals, and ead interval only givesrise to a nite set of applicable
compatibilities. Secondwe note that during the processof transforming
Pc into P, the set of compatibilities is monotonically increasing, while
being bounded by the set of compatibilities applicable to Q. This is
becausethe only intervals added to P are those that appear in Q.
Finally, we note that the set of variables to be bound, and the set of
unsequencedntervals to be sequencedare also nite. Sinceead step
in the processaddressesa compatibility, an unbound variable, or an
unsequencednterval, only a nite number of stepscan be taken. The
validity and su ciency of Q guarantieesthat the processcan halt with
a valid and su cien t plan.

4. Constrain t reasoning

We have already noted that ead candidate plan givesrise to a con-
straint network, and that the operations to restrict and relax plans
map directly to strengthening and weakening operations for constraint
networks. This makesit possibleto bring results from the wide liter-
ature on CSPsto bear on the constraint networks. In this section, we
focuson constraint reasoning,deferring discussionof the application of
constraint satisfaction heuristics and planning to later work.

There are many constraint reasoningtechniques that can be used
to make the planning e ort more e ective. The only requiremert we
imposeis that the constraint reasoningmethods must presene the set
of valid plan extensions.Any constraint reasoningtechnique that only
performs soundreasoning,i.e. only eliminates valuesor value combina-
tions that provably cannot participate in a solution, presenesthe set of
valid plans. Examples of sound reasoninginclude temporal constraint
propagation (Dechter et al., 1991),arc consistencymaintenance,higher-
level consistency enforcemem sud as k-consistency and the correct
procedure application as described in (Jonssonand Frank, 2000). In
the following sectionswe discusssomeaspects of constraint reasoning
when planning with the CAIP framework.
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4.1. Domain dependent constraints

When modeling real systems, often constraints will not be expressed
asrelations, but as functions. In many cases,complex machinery will
be required to compute thesefunctions. One way to handle thesecon-
straints is to use a procedural constraints framework (Jonsson,1997;
Jonssonand Frank, 2000).In this framework, ead constraint is embod-
ied as a procedure. This allows arbitrary functions to be encapsulated
asrelations among the variables of the function. An additional bene t
of this is an e cien t and compact represertation of the constraints, as
ead procedurecantake advantage of the most e cien t techniques.The
framework is extensible, as new constraints can be easily added. The
framework requiresead procedureto provide a de nitiv e answer when
all variables in its scope are assignedsingleton values. Howeer, pro-
cedurescan do much more, such as enforcearc consistencyor bounds
consistency

4.2. Reasoning about Collections of Constraints

Se\eral methods exist to handle a homogeneouset of constraints using
e cien t techniques. For examples, cliques of equivalence constraints
can be enforcedmuch more e cien tly than enforcing them piecemeal
in a generalreasoningframework; this approad is usedby the ZENO
system (Perberthy, 1993). The set of all simple temporal constraints
can also be made arc-consistencye cien tly by using the algorithms
described in (Dechter et al., 1991). Howewer, this is not the only way
to handle temporal constraints; they can also be treated as arithmetic
constraints and handled by Gaussianelimination, asis done by ZENO
(Perberthy, 1993).

4.3. Constraints on Attributes

Attributes turn out to be a useful framework for discussingconstraint
reasoning techniques. Attributes can be viewed as unit-capacity re-
sources,and therefore techniques suc as edge- nding (Nuijten, 1994)
can be employed among the intervals on a single attribute instance.
Howewer, since intervals may be equated, edge- nding would have to
accourt for this possibility when computing its bounds. Similarly, edge-
nding would only be allowed to reasonabout intervals that are known
to take place on a particular attribute instance. In order to make full
useof edge nding, it would have to be fully incremental to reducethe
cost of recomputation.

Some domains employ attributes to represenm multi-capacity re-
sourceshy employing a combination of parameter choicesand arith-
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metic constraints. For example, we can model a renewable resource
using two intervals: Has takes one parameter a and assertsthat a
resourcehasamount a resourceremaining. Changetakes 3 parameters:
i, the initial amount of the resource,d the change in the resource,
and f the nal amount of the resource. We then use the following
compatibilities to model the ewlution of the resourcedue to Change

Head: holds (Resouice-Amount-1,s4; €5,Changéi; d;f ))
Parameter Constraints: f =i d
Con guration Rule:
met by holds (Resource-Amount-2,s;; e;,Hagx)),
i = x,Resoure-Amount-2 = Resource-Amount-1
meets holds (Resouice-Amount-3,sp; ey, Hagy)),
f = y,Resource-Amount-3 = Resource-Amount-1

Head: holds (Resource-Amount-1,sgy; €5,Hagx))

Parameter Constraints: f =i d

Con guration Rule:
met by holds (Resource-Amount-2,s;; e;5,Changéda; b;c)),
¢ = X,Resource-Amount-2 = Resouice-Amount-1
meets holds (Resouice-Amount-3,sy,; e,,Changéd; e;f )),
d = x,Resource-Amount-3 = Resource-Amount-1

Currently, these compatibilities may be mixed with others that im-
pact the sameinterval. Isolating thesecompatibilities would permit the
useof techniquessud asthe balanceconstraint (Laborie, 2001)to both
determine the state of resourceconsumption, and add other constraints
to the plan to ensurethat adequateresourcesare available.

Finally, constraint reasoningcan be usedto e cien tly detect tem-
poral inconsistenciegelated to inserting unsequencedntervals into the
plan, by exploiting the structure of attributes. Consider the following
example,asshown in Figure 4.3. Let P be a free (unsequenced)nterval
that was added to satisfy a \b efore” compatibility for interval Q Let
S be another interval, added to satisfy a \b efore” compatibility for
interval R which is temporally ordered after Q Inserting P on or after
S results in a directed cycle of temporal constraints that makes the
candidate plan invalid.

While this constraint violation would be caugh by the Simple Tem-
poral Network (STN) algorithm of (Dechter et al., 1991), it may be
found faster by using a special-purpose method for detecting cycles
between attributes. There are some subtleties involving the possible
conmbinations of temporal constraints that can lead to such cycles.
Howewer, the complexity of these chedks dependsonly on the number
of intervals on the attributes, and is simpler than the cycle detection
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donein full STN algorithms. Supposethere are m intervals on the same
attribute asQand further that eadt of theseis related by compatibilities
to at most j other intervals. Then the complexity® of chedking for
temporal cyclesis O(mj). In many useful cases,this is considerably
smaller than the complexity of enforcing consistencyon the full STN.

Free
Eree Interval P
Interval P Candidate
\ Interval S
\ before 4
before
x / before
Master Subsequent
bef
Interval Q e P Interval R

Figure 4. Identifying inconsistent orderings for intervals by analyzing pairs of at-
tribute instances. Note that in this gure, adirected edgeexists betweenthe interval
timep oints labeled with the temporal relation which induces that constraint.

4.4. No-Good Reasoning

No-good reasoninghas proven to be a powerful method in reasoning
about CSPs,and hasbeenusedpreviously in addressingplanning prob-
lems (Do and Khambhampati, 2000). No-good reasoningmay improve
the performanceof seard algorithms designedto employ the CAIP rep-
resenation. However, becausedynamic constraint reasoningis required
to support CAIP, variables (and values, depending on the represen-
tation) can disappear. No-goods mertioning variables that have been
eliminated no longer apply, and canbe removed from the no-good store.
While performanceimprovemert is possible using no-goods, the fact
that no-goods must be eliminated meansthat care must be taken to
avoid ine ciency due to no-good maintenance.

5. EUR OPA: A CAIP Implemen tation

We have implemented a systemcalled EUROPA using the CAIP frame-
work. In this section, we describe some of the design features and
implemenrtation decisionsembodied in EUROPA. We will focuson two

% The number of intervals m is actually the number of total intervals, not the
number of interval equivalence classesformed by equating pairs of intervals. The
number of compatibilit y-based interval relations can be inferred from the model.
Careful managemen of data structures may reduce m and j by accourting for
equivalences.
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aspects of EUROPA; constraint-reasoning techniques employed in the
implemenrtation, and how compatibilities are enforcedduring planning.

EUROPA hasbeendesignedand implemented as a software module
that maintains a represeniation of a candidate plan. The module pro-
vides interfacesthat allow a client to modify the plan, and query the
plan concerningits validity, consistencystatus, open decisions,and so
on. The EUROPA systemshasbeenapplied to seweral domains,includ-
ing multiple satellite scheduling, planetary rover operations, automated
ight planning, and DS-1.

5.1. Constraint and Attribute Reasoning

The EUROPA systemusesse\eral di erent constraint reasoningmeth-
ods. The procedural constraint reasoningframework of (Jonssonand
Frank, 2000), the simple temporal network propagation algorithms of
(Dechter et al., 1991) and maintenanceand propagation of equivalence
classesform the principal reasoning medanism. Constraints in the
procedural framework enforce either arc-consistencyor, in the caseof
arithmetic constraints, bounds consistency The temporal relations are
simplied and made explicit in EUROPA compatibilities by limiting

the con guration constraints K, (W) to one of Allen's interval al-
gebra(Allen and Koomen, 1983), with metric interval distance bounds.
The reasonfor this is that the resulting constraints form an STN, which
can be e cien tly reasonedabout, as mertioned previously. Con gu-

ration constraints may also include equivalence constraints between
parameters of the head interval and parameters of the con guration

interval; the syntax supports this by allowing the samevariable name
in the head interval and con guration interval speci cations. Finally,
con guration constraints include unary constraints on the domains of
the con guration intervals. The syntax of a EUROPA compatibility is

Guards: list-of v; 2 Gj
Parameter Constraints: list-of C; (Y;)
Con guration rule: list-of
Con guration Interval: holds (b;ts;ts; Q(z1;:::;2n))

speci cation, and where is a temporal constraint?.
4 The EUROPA syntax permits disjunctions to be expressedusing an AND-

OR tree, where the OR is assaiated with a parameter variable, in addition to the
guarded compatibilit y structure introduced in this paper.
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We treat the duration variables as \non-temp oral" variables, and
link the temporal constraints to the rest of the constraint network via
the interval duration constraint e s = d. We also post constraints
that \equate" temporal variablesto non-temporal variables; thesecon-
straints propagate the bounding interval to the STN. Since arbitrary
constraints may lead to disjoint intervals, we usethis trick to \protect"
the STN from the disjunctions.

EUROPA doesnot explicity represen the domain of possibilities for
interval insertion decisions.Rather, when an interval is to be inserted,
the domain is constructed by consulting the attribute. Temporal cycle
cheding techniqueslike those described in x4.3 are usedas a \forw ard
cheking" phasewhen retrieving the candidatesfor interval insertion.
An alternative way of handling interval insertions is discussedin some
detail in (Frank et al., 2000).

5.2. Compatibility = Enf or cement

In the EUROPA framework, the decisionsassaiated with satisfying the
compatibilities for an interval are mapped into decisions concerning
how to sequenceunsequencedintervals. This is done by maintaining
the plan invariant that ewvery sequencednterval is supported by the
existenceof intervals that satisfy applicable constraints.

Let P be a candidate plan, and let P(X) be some sequencedin-
terval that matches the anteceden of a compatibility. Let Qi(Y;) be
the setof intervals speci ed by that compatibilit y, alongwith temporal
constraints (P (X);Qi(Y;)), relating P(X) and Q;(Y;). Let C be the
constraints on variablesin X;Y;j, also given by the compatibility. To
enforcethe EUROPA plan invariant, all intervals Q;(Y;) and constraints
C and ; are added to the candidate plan when P(X) is added to
an attribute instance. Similarly, when P (X) is removed from an at-
tribute instance, all of its required intervals Q;(Y;) are removed from
the candidate plan, and the constraints C and ; are retracted. By
noting whether the changeis a restriction (further re ning the plan by
adding constraints and intervals, or by assigningvaluesto variables),
or a relaxation, the modi cations necessarycan be doneincremenally:

Restriction: any con guration rules that apply to the candidate
plan, and are not already enforced, are enforced by adding the
corresponding intervals and constraints. For example, an interval
may now be in an attribute sequenceleading to applicability of
a compatibility. Another exampleis that a variable's domain may
now match a compatibility guard, leading to the applicability of a
con guration rule. If, however, no new compatibilities apply, then
no intervals or constraints are addedto the candidate plan.
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Relaxation: any con guration rules that no longer apply result in
the removal of the relevant intervals and constraints. For example,
a compatibility guard that previously applied may no longer apply,
resulting in the removal of constraints and intervals from the plan.

For an example of how this is done, let us return to the complex
rover model. Suppose we have a plan with holds (Location-1, s, e,
Going(x; y;p;f)), with Location-1 = Location-Instance-1 , and the
assignmen p =turn-bef-go is made. Sincea variable assignmeim was
made, we only ched the guards relevant to variable p. The guard
p =turn-bef-go is satis ed, and therefore a non-sequencednterval
holds (Location-2, s® €° Turning(a) is addedto the plan, along with
the constraints a = x,Location-1 = Location-2, and €° = s (which
enforcesGoing(x;y) met_by Turning( a)). Now supposethat the as-
sighmen p =turn-bef-go is retracted. The con guration guard is no
longer satis ed, and sothe interval for Turning( a) and the attendant
constraints are removed from the plan. This processis illustrated in
Figure 5.

. Free Intervals Constraints
Location-Instance-1

- sttravelTimek,y)=e
Going (x,y,p.) Off() Going contained_by
Off
p=t urn_beg_go p=2

Free Intervals Constraints

Location-Instance-1

- sttravelTimeg,y)=e
Going (x,y,peturn-bef-go ) [ |Off() Going contained_byOff
Going met_byTurning
a=x
Turning (a)

Figure 5. lllustration of the plan invariant at work. When the assignmen
p =turn-b ef-go is made, free (unsequenced) intervals and constraints are added
to the plan. When it is retracted, the con guration guard no longer holds, and the
Turning interval and its constraints are removed from the plan.

Now let us consider a slightly dierent example, where an inter-
val holds(Location-instance-1 , s, e, Going(i;j; k;1)) has been
addedto satisfy a compatibility, suc that it canbe equatedwith an ex-
isting interval holds( Location-instance-1, s, e, Going(x;y;p;f)) . Sup-
posealsothat we already have madethe assignmen p = turn-bef-go
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When we equate the new interval with the existing interval, no addi-
tional compatibilities becomeapplicable, sono new intervals are added
to the plan, asshown in Figure 6. Similarly, if we remove the interval,
no existing intervals are removed from the plan.

Location-Instance-1 Free Intervals Constraints
B sttravelTimegk,y)=e
Going ( x,y,p=turn-bef-go, f) Off() Going contained_byDff
Going met_byTurning
a=x
Turning( a)
Going ( i,j, k1)
Insert Free
Going (i,j,k,I) Going (i,j,k,1)

Free Intervals Constraints

/Location-lnstance-l

sttravelTimeg,y)=e

Going ( x,y,p=turn-bef-go, f) | [Off() Going contained_byDff
Going met_byTurning
a=X
Going ( i, k,1) Turning( a) [ i=xj=y.k=p,I=f

Figure 6. lllustration of the plan invariant at work. In this case,the plan invariant
does not change the plan when the interval holds(Location-instance-1, s, €

Going(i; j; k;1)) is added to or removed from the plan. The parameter equivalences
are added or removed by the plan modi cation itself, not the plan invariant.

The approad taken to compatibility enforcemen in EUROPA al-
lows aform of least-commitmert planning (Joslin, 1996)to be employed
by planners;it allows parametersof intervals to be assignedbeforethe
intervals are sequenced.This comesat a cost; non-sequencedntervals
must be maintained and managed,even if they are outside the horizon
or end up being equated with other intervals. Enforcing the existence
of Y canbedonein di erent ways. In temporal POCL frameworks, the
needfor Y is handled by generating a decisionthat determineswhich
of existing Y's in the plan are to be used, or whether a new interval is
to be generated. The appropriate causallinks are then inserted. This
is similar to the approac usedin EUROPA.
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6. Previous work

Allen and Koomen (Allen, 1991; Allen and Koomen, 1983) deweloped
a sophisticated framework for represening time and temporal plans,
much of which has beenadopted by later researtiers (including our-
sehes) asthe represenation for planning. However, no planners based
on this formalism were deweloped, and the framework dewveloped does
not include completenessesults for planning domains.

DEVISER (Vere,1983)is a POCL planner that handlestime ®°. DE-
VISER domain descriptions can include absolute temporal constraints
and duration constraints; the duration of an activity can be an arbi-
trary function of any of the parameters of an activity. Goals can be
expressedusing both absolute temporal constraints and relative tem-
poral constraints; for instance, it is possibleto assertthat A and B are
both true simultaneously. In DEVISER, all addition and deletion e ects
occur at the end of the activity. Modeling techniques are described to
model activities in which a precondition need not be true throughout
the action and to model an activity in which an e ect takes place
immediately. Both require adding new uents to the represenation,
and there is no easyway to introduce related activities that start or
end at times arbitrarily related to the activity in question.

ZENO (Perberthy, 1993) and Descartes (Joslin, 1996) are POCL
planners that handle time. Both are built on the notion of intervals,
called Temporally Quanti ed Assertions(TQAs). Descartesallows arbi-
trary constraints amongthe parametersof TQAs. In ZENO, cortinuous
variables are allowed to vary in a piecewiselinear manner; this forces
the modeling of other constraints aspiecewisdinear. Neither ZENO nor
Descartessupport mutual exclusion, and lack theoretical justi cation
for their extensionsof STRIPS.

TGP (Smith and Weld, 1999)is a versionof Graphplan that handles
aversionof STRIPS with time. Activities areassumedo have duration,
and can also have absolute temporal constraints on the start and end
times. This is coupled with an extensionto the semarics of STRIPS.
All preconditions are required to hold before the action begins. All
preconditions una ected by the action are required to hold until the
action ends; preconditions a ected by the action are consideredunde-
ned during the action. E ects are required to hold after the action
ends. Thesesemartics are similar to thosefound in DEVISER; TGP is
more limited than DEVISER in that activity durations must be part of
the model. The CAIP framework is more expressiw, in that arbitrary

5 Deviser is actually based on NONLIN and NOAH, which pre-date POCL
planning
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syndironizations betweenactions can be expressed. TGP also doesnot
support attributes or resources.

The AIPS 2002Planning Competition featured PDDL 2.1 (Fox and
Long, 2002), a version of PDDL which includes facilities for represen-
ing temporal planning domains. PDDL 2.1 permits the spe cation of
planning problems in which actions take time, and allows the speci-
cation of \temp orally annotated conditions and e ects". Unlike the
CAIP framework, conditions and e ects canonly be assertedat the be-
ginning of an action, the end of an action, or during the action. E ects
during the action are invariants over the action's duration. Actions are
permitted to have conditional e ects.

7. Conclusions and Future Work

We have preseried constraint-based attribute and interval planning
(CAIP), a planning framework that supports featurescommonto real
planning problems. CAIP provides primitiv es that support modeling
domainswith real time, concurrency resourcesmutual exclusion,and
disjunctions. Intervals represeting a temporally extended state pro-
vide a basis for constraining the timing and concurrency of activi-
ties. Attributes enforce mutual exclusion and support the modeling
of resources.The underlying constraint-based represenation permits
compact represermation of theserules, supports disjunctions, and also
allows planning technology to leverageo of ecient algorithms for
constraint satisfaction problems.

The framework has already beenimplemented in three di erent sys-
tems, including one that successfullycontrolled a spacecraft(Jonsson
et al., 2000). The latest implementation, the EUROPA system, will
further extend the application of this technology to real-world plan-
ning domains, as well as further expand the capabilities of the CAIP
paradigm. Among these future challengesare real-time planning sys-
tems that will serve as smart execution systems,and mixed-initiativ e
planning tools for helping human usersbuild and verify complex plans.

The framework leaves considerable exibilit y in the choice of con-
straint reasoning techniques to employ when building planners. For
example,a wide variety of algorithms suc asarc consistencyor bounds
consistency can be used to quickly identify and eliminate values of
variables that can lead to invalid plans. Special reasoning algorithms
can be used for domain speci ¢ constraints. In some cases, collec-
tions of constraints may be reasonedabout simultaneously; ZENO
usesan incremertal Simplex algorithm to manipulate linear constraints
(Perberthy, 1993). Sophisticatedresourcereasoningalgorithms suc as
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edge- nding (Nuijten, 1994) and balance constraints (Laborie, 2001)
can also be used. Howeer, these require matching attributes with
resourcesfor particular domain models.

In the CAIP framework, an interval on an attribute can force other
intervals to exist on other attributes. Another option is to constrain
the intervals that other attributes may take on. In essencethis would
permit the expressionof negation constraints on attributes. HSTS per-
mitted the posting of constraints limiting the possibleintervals that
could occur on an attribute within a period of time (Muscettola, 1994).
Modeling experiencewith the CAIP framework will indicate whether
sudch expressie power is neededby the framework, and how best to
incorporate it.
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