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Abstract

Planning is a key area in Artificial Intelligence. In its general
form, planning is concerned with the automatic synthesis of
action strategies (plans) from a description of actions, sen-
sors, and goals. Planning thus contrasts with two other ap-
proaches to intelligent behavior: the programming approach,
where action strategies are defined by hand, and the learning
approach, where action strategies are inferred from experi-
ence. Different assumptions about the nature of actions, sen-
sors, and costs lead to various forms of planning: planning
with complete information and deterministic actions (clas-
sical planning), planning with non-deterministic actions and
sensing, planning with temporal and concurrent actions, etc.
Most work so far has been devoted to classical planning,
where significant changes have taken place in the last few
years. On the methodological side, the area has become more
empirical, on the technical side, approaches based on heuris-
tic or constrained-based search have become common.

In this paper, I try to provide a coherent picture of Planning
in Al, making emphasis on the mathematical models that un-
derlie various forms of planning and the ideas that have been
found most useful computationally.

Introduction

The development of general problem solvers has been one of
the main goals in Artificial Intelligence. A general problem
solver is a program that accepts high-level descriptions of
problems and automatically computes their solution (Newell
& Simon 1963). The motivations for such solvers are two.
On the cognitive side, humans are general problem solvers,
and thus understanding, reconstructing, or simply emulating
such behavior poses a key challenge. On the technical side,
modeling problems at a high level is most often simpler than
procedurally encoding their solutions, thus an effective GPS
tool can be very useful in practice.

A general problem solver must provide the user with a
suitable general modeling language for describing prob-
lems, and general algorithms for solving them. While the
solutions obtained may not be as good or as fast as those ob-
tained by more specialized methods, the approach will still
pay off if the performance of the two methods is not too far
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apart, or if implementing the specialized solution is just too
cumbersome.

In order to develop a general problem solver, its scope
must be clearly defined. Otherwise, it is not possible to de-
vice neither the language nor the algorithms. Indeed, differ-
ent problems have solutions whose forms are often different.
For example, the solution of a problem like the Rubik’s cube
is a sequence of actions, while the solution of a diagnostic
problem may be an action strategy determining the tests to
be performed as a function of the observations gathered.

The scope of a general problem solver can be defined
by means of a suitable class of mathematical models. The
mathematical model that underlies the work in classical
planning for example, is the familiar state model where ac-
tions deterministically map one state into another and the
task is to find an action sequence that maps the initial state
into a goal state. In conformant planning (Smith & Weld
1998), on the other hand, an action maps a state into a set of
possible successor states, and the task is to find a sequence
of actions that lead to the goal for any possible transition
and initial state. As uncertainty in the state transitions or
the initial state is introduced, feedback also becomes impor-
tant, affecting drastically the form of plans. In the absence
of feedback, as in classical or conformant planning, a plan is
a fixed sequence of actions, yet in the presence of full-state
feedback, the actions depend on the state observed, and thus
plans become functions mapping states into actions.

Al Planning is general problem solving over a class of
models. Models define the scope of a planner, the types of
problems it is supposed to handle, the form of the solutions,
and the solutions that are best or optimal. Planning, from
this perspective, is about the convenient representation and
effective solution of a certain class of mathematical models.

In this paper, I try to provide a coherent picture of Al
Planning as a combination of three elements:

1. representation languages for describing problems con-
veniently,

2. mathematical models for making the different planning
tasks precise, and

3. algorithms for solving these models effectively (often
making use of information available in their representa-
tion)

I also make emphasis on the ideas that have been found most
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useful computationally, in particular in the area of classical
planning, where most of the work has been made. In re-
cent years, this area has undergone significant changes in
both methodology and techniques. On the methodological
side, the area has become more experimental, on the techni-
cal side, approaches based on heuristic or constrained-based
search have become common. These changes have been
brought about by some key publications (in particular (Blum
& Furst 1995)), and events like the Planning Competition
(McDermott 2000; Bacchus 2001).

The paper is not a survey on planning but a personal ap-
praisal of part of the field. In particular, I won’t say much
about knowledge-based planning (Wilkins & des Jardins
2001), where the statement of the planning problem is ex-
tended with handcrafted domain-dependent knowledge rele-
vant for solving it. While this is probably the preferred ap-
proach in practice and a lot of work in Al has been devoted
to it, knowledge-based and domain-independent planning
are complementary approaches, and progress in domain-
independent planning will eventually translate into more ro-
bust knowledge-based planners, that rely less critically on
user-provided control information (see (Long & Fox 2000)
for a different integration).

It should be mentioned that Al Planning is not the only
area concerned with the development of general problem
solvers. E.g., work in Linear and Integer Programming
(Wolsey 1998) and Constraint Programming (Marriot &
Stuckey 1999) is also concerned with the development of
problem solvers but over a different class of models: lin-
ear integer programs, in the first case; constraint satisfaction
problems in the second. More interestingly, in both of these
areas there has also been a trend to distinguish the models
from the languages used to represent them. For example,
AMPL is a recent high-level language for describing lin-
ear and integer programs (Fourer, Gay, & Kernighan 1993),
while OPL is a recent language for describing such programs
and CSPs (Van Hentenryck 1999).

The rest of the paper is organized as follows. We discuss
planning models, planning languages, and some key com-
putational aspects in planning in that order, and end with a
brief discussion. The presentation aims to be coherent but is
definitively not exhaustive.

Models

We consider first the models that make the semantics of var-
ious common planning tasks precise.

Classical Planning

Classical planning can be understood in terms of determin-
istic state models characterized by the following elements
(Newell & Simon 1972; Nilsson 1980):

S1. A finite and discrete state space S,

S2. an initial situation given by a state sy € .5,

S3. a goal situation given by a non empty set Sg C .5,

S4. actions A(s) C A applicable in each state s € S,

S5. a deterministic state transition function f(a,s) for
a € A(s)
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S6. positive action costs ¢(a, s) for doing action a in s.

A solution to state models of this type is a sequence of
actions ag, a1, ..., a, that generates a state trajectory Sg,
s1 = f(s0), --+» Sn+1 = f(s;,a;) such that each action a;
is applicable in s; and s,,11 is a goal state, i.e., a; € A(s;)
and s,+1 € Sg. The solution is optimal when the total
cost Y  ¢(si,a;) is minimal. In classical planning, it is
also assumed that all costs ¢(a, s) are equal and thus that the
optimal plans are the ones with minimal length.

Classical planning can be formulated as a deterministic
state model that can be solved by searching the state-space
S1-S6. This is the approach taken by heuristic search plan-
ners such as HSP (Bonet & Geffner 2001) and FF (Hoff-
mann & Nebel 2001). Classical planning, however, can be
formulated and solved in a number of other ways; e.g., as a
SAT problem (Kautz & Selman 1996), as a Constraint Sat-
isfaction Problem (Do & Kambhampati 2000), as an Inte-
ger Programming problem (Vossen et al. 1999), etc. These
other formulations, however, appear to yield a better pay off
when other forms of planning are considered such as par-
allel planning or planning with resources. The success of
heuristic search planners in the classical setting, as seen for
example in the last AIPS Planning Competition (Bacchus
2001), lies in the use of good heuristic functions which are
automatically extracted from the problem representation.

Planning with Uncertainty

Classical planning assumes that the initial state of the system
is known and that state transitions are deterministic. When
these assumptions are removed, the state of the world is no
longer known. In order to define the planning task in the re-
sulting setting it is necessary to to define how uncertainty is
modeled, and how sensing or feedback (that reduce uncer-
tainty) are taken into account.

Uncertainty in planning can be modeled in a number of
ways. The two most common approaches are pure non-
determinism and probabilities. In the first case, uncertainty
about the state of the world is represented by the set of states
S’ C S that are deemed possible, in the second, by a proba-
bility distribution over S. In both cases, we refer to the state
of uncertainty as a belief state and distinguish it from the
actual but potentially unknown state of the world.

In a similar way, uncertainty in state transitions is mod-
eled by a function F' that maps an action a and a state s into a
non-empty set of states F'(a, s) C S in the non-deterministic
setting, and by a distribution P,(s’|s) for all s’ € S in the
probabilistic setting. In either case, an action a determinis-
tically maps a belief state b into a new belief state b,. The
formula for the non-deterministic case is

bo ={s|s € F(a,s')and s' € b} (1)
while the analogous formula for the probabilistic case is
ba(s) = D Palsls') - b(s) 2
s'eS

What is important is that in both cases the problem of plan-
ning under uncertainty without feedback reduces to a deter-
ministic search problem in belief space, a space which can



be characterized as the space S1-S6 above by the following
elements:

Cl1. A space B of belief states over S,

C2. an initial situation given by a belief state by € B,
C3. a goal situation given by a set of target beliefs By
C4. actions A(b) C A applicable in each belief state b
C5. deterministic transitions b to b, for a € A(b) given
by (1) and (2) above, and

C6. positive action costs ¢(a, b).

In this space, it is common to define the target beliefs Bg
as the ones that make a given goal condition G certain, the
set of applicable actions A(b) in b, as the actions a whose
preconditions are certain in b, and the costs c(a,b) to be
uniform. In the non-deterministic case, this results in the
model that underlies conformant planning (Smith & Weld
1998), namely planning that leads to the goal for any pos-
sible initial state or transition. In general, some of these
choices can be relaxed without affecting the nature of the
problem; in particular, the target belief states Bg and the
action preconditions A(b) can be extended to include epis-
temic conditions like the truth value of an atom p being
known (see below for the relation between propositions and
states). In the probabilistic setting, additional options are
available, e.g., the target belief states b may be defined as
the ones that set the probability of the goal above a threshold
(Bg ={b| > ,cq,. b(s) > Th}) as in the Buridan planner
(Kushmerick, Hanks, & Weld 1995), action costs ¢(a, b) can
be defined as expected costs (c(a,b) = Y g c(a,s)b(s)),
etc.

Planning with Sensing

Classical and conformant planning are forms of open-loop
planning. The resulting plans prescribe the sequences of ac-
tions that need to be executed assuming that no additional
information is available at execution time. With the abil-
ity to sense the world, the choice of the actions depends
on the observation gathered and thus the form of the plans
changes. Of course, sensing only makes sense in a state of
uncertainty; if there is no uncertainty, sensing provides no
useful information and can be ignored.'

In the presence of sensing, the choice of the action a; at
time ¢ depends on all observations og, 01, ..., 0;—1 gath-
ered up to that point. In the case known as full-state ob-
servability, observations are assumed to reveal the true state
of the world, and through standard markovian assumptions,
the last observation (state) summarizes the information of
all previous states and observations. The choice of the next
action in that case becomes a function mapping states into
actions. Such models are known as Markovian Decision
Problems or MDPs (Bertsekas 1995; Dean et al. 1993;
Boutilier, Dean, & Hanks 1995; Russell & Norvig 1994).

!Sensing, however, is useful in the classical setting too if the
model used is not guaranteed to be completely accurate (model un-
certainty). Indeed, it is standard practice in Control Engineering to
obtain a closed-loop control assuming a deterministic model of a
non-deterministic system, treating model inaccuracies as noise that
gets corrected through the control loop.

In the general case, observations reveal partial informa-
tion about the true state of the world and it is necessary
to model how the two are related. The solution then takes
the form of functions mapping belief states into actions, as
states are no longer known and belief states summarize all
the information from previous belief states and partial ob-
servations (Astrom 1965; Bertsekas 1995). In the proba-
bilistic case, such models are known as Partially Observable
Markovian Decision Problems or POMDPs (Sondik 1971;
Kaebling, Littman, & Cassandra 1998).

In the presence of feedback, the effects of actions on be-
lief states is no longer deterministic. Let [0] stand for the set
of states compatible with an observation o and, for the non-
deterministic case, let O(a, s) stand for the (noisy) sensor
model, i.e. for the set of observations that are possible when
an action a is done and the (hidden) state s is reached. Then
the belief states b, that can follow an action a in a belief
state b are:

b ={s|s€bgands € [0]} (3)

with b, defined as in (1) and 0 € O(a, s) for s € b,. The
analogous equation in the probabilistic case is

ba(s) = Pa(0ls)ba(s)/ba(0) €y

with b, defined as in (2), b,(0) # O (this is the probabil-
ity of obtaining observation o after doing action a in b),
and P,(o|s) representing the probabilistic sensor model (the
probability of obtaining o after doing action a and ending up
in s).

In either case, the problem of planning with uncertainty
and partial feedback, becomes a search problem in a non-
deterministic belief space, while the problem of planning
with uncertainty and full state feedback is a search problem
in a non-deterministic state space. In both cases the solu-
tions are not action sequences but policies: policies mapping
belief states into actions, in the first case, and policies map-
ping world states into actions in the second. Furthermore,
the optimal policies are the ones that minimize the worst
possible cost to the goal in the purely non-deterministic for-
mulation, and the expected cost to the goal in the proba-
bilistic formulation. The worst possible cost however is
often infinite and thus other notions of success in purely
non-deterministic planning have been proposed such as the
notion of strong cyclic plans (Daniele, Traverso, & Vardi
1999).

State and belief-state policies are the mathematical ob-
jects that constitute the solutions of problems involving full
and partial feedback respectively. These policies, however,
can be represented in a number of ways such as conditional
plans or situation-action rules. Moreover, in large problems,
it is often not necessary to define such policies over all (be-
lief) states, but only over the initial (belief) state and the
(belief) states that are reachable through the policy.

Temporal Planning

Temporal models extend classical planning in a different di-
rection. We consider here a simple but general model where
actions have durations and their execution can overlap in
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time. More precisely, we assume a duration d(a) > 0 for
each action a, and a predicate comp(A) that defines when a
set of actions A can be executed concurrently. For example,
in the presence of unary resources, comp(A) will be false if
A contains a pair of actions using the same resource (Beck
& Fox 1998). Similarly, comp(A) can be defined to be false
when A includes pairs of actions having interacting effects
or preconditions (Blum & Furst 1995), etc.

A state model for temporal planning can be obtained from
model S1-S6 by two simple transformations. First we need
to replace the single actions a in that model by sets of legal
actions. Temporal plans thus become sequences Ay, A1, Az
of legal sets of actions in which all actions in each set A;
start their execution at the same time ¢;. The end or comple-
tion time of an action a in A; is thus ¢; + d(a) where d(a)
is the duration of a. The start times ¢; are defined implicitly
in the plan as follows: ¢y = 0 and ¢, is given by the end
time of the first action in Ay, ..., A; that completes after ¢;.
The states s; are defined in a similar way. The initial state
so is given, while s;4; is a function of the state s; at time
t; and the set of actions A in the plan that complete exactly
at time t + 1; i.e., s;11 = fr(A%, s;). The state transition
function fr is obtained from the representation of the indi-
vidual actions; e.g., if actions are represented in Strips and
actions with conflicting adds and deletes are not legal, then
s;+1 will be obtained by ‘adding’ to s; all the atoms in the
add lists of the actions in A’ and deleting all the atoms in the
delete lists. Clearly, s,+1 = s; if A; is empty.

The representation of temporal plans above is not com-
plete, as for example, it cannot represent a plan in which
some arbitrary slack is inserted between two actions. Yet the
representation is complete ‘enough’ as if there is a plan that
achieves the goal, for most reasonable optimality criteria,
there is a plan in this representation that achieves the goal
and is as good. A similar temporal model is used in (Bac-
chus & Ady 2001) while a regressed version of this model is
used in (Haslum & Geffner 2001).

The definitions above provide a state model for temporal
planning along the lines of model S1-S6 for classical plan-
ning with primitive actions replaced by legal sets of actions.
Namely, a (valid) temporal plan is a sequence of legal sets
of actions mapping the initial state into a goal state. For
the rest, the models are the same, except for the cost struc-
ture which we haven’t yet defined. In sequential planning,
the overall cost of a plan P = ag, ay,...,a, is defined as
the sum ,_  c(ai, s;) where s; is either the initial state
(¢ = 0) or the state that follows action a;_1 (z > 0). This
cost structure is much more flexible than the one used in
classical planning where c(a, s) = 1, and it’s often quite ad-
equate in the sequential setting. In the temporal setting, on
the other hand, this cost structure is not adequate for captur-
ing standard optimality criteria such as the minimization of
the makespan of a plan, the makespan being the max com-
pletion time of all actions in the plan. Indeed, the makespan
of a plan cannot be obtained by adding up action costs of
the form ¢(A;, s;) for the sets of actions A; in the plan,
as the contribution of the actions in A; to the makespan
depends on the actions taken at the previous steps Ay,...,
A,;_1. Nonetheless, it is sufficient to define the action costs

1016 Invited Talks

as ¢(4;, s;| 4o, ..., A;—1) and then minimize the total cost
C(Ao, 80) +Zi:1,n C(Ai, 8i|Ao, ey Ai—1)~ Then, if we de-
note the last completion time of an action in Ay, ..., A; as
E;, the makespan minimization criterion results from set-
ting C(A,‘,S,ile, . aAi—l) to B; — F;_1, for i > 0, and
¢(Ap, so) to Ey. The makespan minimization criterion ig-
nores the state component in the action costs, yet this can
be used to define more complex optimality criteria such as
those taking into account the value of some variables or the
use of resources.

While from the similarity between the model for sequen-
tial planning and the model for temporal planning both tasks
appear to be close from a mathematical point of view, they
are quite different from a computational point of view. In-
deed, while heuristic search is probably the best current
approach for optimal and non-optimal sequential planning,
it does not represent the best approach for parallel plan-
ning (temporal planning with actions of unit durations only)
or temporal planning (yet see (Haslum & Geffner 2001;
Do & Kambhampati 2001)). The problem is the branch-
ing factor: indeed, if there are n primitive actions applica-
ble in a state, the branching factor of the sequential space
is n, while the branching factor of the temporal or parallel
space is 2" (namely, there are up to 2" possible legal sets
of primitive actions). SAT and CSP approaches branch in
a different way, and through suitable constraints and con-
straint propagation rules may be able to integrate the prun-
ing afforded by heuristic functions in the heuristic search
framework with a more convenient exploration of the space
of plans (see the discussion on branching below). Similarly,
while partial order planners (POP) have lost favor in recent
years to heuristic and SAT/CSP approaches, they are likely
to be suitable for parallel and temporal planning if extended
with suitable heuristic estimators and propagation rules. See
(Nguyen & Kambhampati 2001) for a recent heuristic POP
planner, (Jonsson et al. 2000) for a constraint-based tempo-
ral POP planner, and (Geffner 2001) for a general formula-
tion of temporal planning as ‘branch and bound’ that con-
nects heuristic and POP approaches in classical planning to
constraint-based approaches used in scheduling. For more
on the relation between planning and scheduling see (Smith,
Frank, & Jonsson 2000).

Languages

The models above provide a mathematical characterization
of the basic planning tasks, their solutions, and their opti-
mal solutions. These models however do not provide a con-
venient language for encoding planning problems. This is
because the explicit characterization of the state space and
state transitions is feasible only in small problems. In large
problems, the state space and state transitions need to be
represented implicitly in a logical action language, normally
through a set of (state) variables and action rules. A good ac-
tion language is one that supports compact encodings of the
models of interest. In Al Planning, the standard language
for many years has been the Strips language introduced in
(Fikes & Nilsson 1971). While from a logical point of view,
Strips is a very limited language, Strips is well known and



will help us to illustrate the relationship between planning
languages and planning models, and to motivate some of
the extensions that have been proposed.

The Strips language comprises two parts: a language for
describing the world and a language for describing how the
world changes. The first is called the state language or sim-
ply the language, and the second, the operator language. We
consider the Strips language as used currently in planning
(e.g., the Strips subset of PDDL (Fox & Long 2001)), rather
than the original version of Strips that is more complex.

The Strips language L is a simple logical language made
up of two types of symbols: relational and constant sym-
bols. In the expression on(a,b), on is a relational symbol
of arity 2, and a and b are constant symbols. In Strips, there
are no functional symbols and the constant symbols are the
only terms. The atoms are defined in a standard way from
the combination p(t1, . .., ) of a relational symbol p and a
tuple of terms ¢; of the same arity as p. Similarly the Strips
formulas are obtained by closing the set of atoms under the
standard propositional connectives. In Strips, only conjunc-
tions are used and they are identified with sets of atoms.

A main difference between relational and constant sym-
bols in Strips is that the former are used to keep track of
aspects of the world that may change as a result of the ac-
tions (e.g., the symbol on in on(a,b)), while the latter are
used to refer to objects in the domain (e.g., the symbols a
and b in on(a,b)). More precisely, actions in Strips affect
the denotation of relational symbols but not the denotation
of constant symbols. For this reason, the former are said to
be fluent symbols, and the latter, fixed symbols or constants.

The operators in Strips are defined over the set of atoms in
L. Each operator op has a precondition, add, and delete lists
Prec(op), Add(op), and Del(op) given by sets of atoms.
Operators are normally defined by means of schemas; here
we assume that such schemas have been grounded.

A Strips planning problem P = (A, O, I, G) consists of
a tuple where A stands for the set of all atoms (boolean vari-
ables) in the domain, O is the set of operators, and I and
G are sets of atoms defining the initial and goal situations.
The problem P defines a deterministic state model S(P)
like S1-S6 above where

Al. the states s are sets of atoms from A

A2. the initial state sq is

A3. the goal states are the states s such that G C s

A4. A(s) is the set of operators 0 € O s.t. Prec(o) C s
AS5. the state transition function f is such that f(a,s) =
s+ Add(a) — Del(a) for a € A(s)

A6. costs ¢(a, s) are all equal to 1

This mapping defines the semantics of a Strips planning
problem P, whose solution is given by the solution of the
state model S(P).

Strips allows for compact encodings of state models yet
in many cases these encodings could be improved substan-
tially by moving Strips in the direction of a truly first-order
logical language with negated literals, conditional effects,
quantification, function symbols, etc. (Pednault 1989). Ac-
tually, the changes needed to accommodate these extensions

are relatively minor once the logical relationship between
the state language £ and the states s in the model is made
explicit.2 Basically, the states are suitable, finite represen-
tations of the logical interpretations of the state language L
(Geftner 2000). A logical interpretation must assign a deno-
tation to every constant, function, and relational symbol in
L, and implicitly, through the standard composition rules, a
denotation to every term and formula. Furthermore, if the
denotation of non-fluent symbols, is fixed, states must en-
code the denotation of fluent symbols only. In Strips, the
only fluent symbols are the relational symbols and a state s
encodes their denotation by enumerating all the atoms that
are true (it is also implicitly assumed that the constant sym-
bols denote different objects in the domain and that there
are no other objects). Actually, any first-order formula in-
volving these constant and relational symbols can be eval-
uated in a state provided that no other non-logical symbols
are used. Function symbols, whether fluent or not, can be
added in a similar way provided that their denotation can be
represented finitely. This can be achieved by forcing their
arguments to take values in a finite domain.

If states are suitable representations of the denotation of
fluent symbols, expressions in the action language (the op-
erators in Strips) prescribe how these denotations change as
a result of the actions. In general terms, an action q is char-
acterized by a precondition and several effect expressions.
The precondition is an arbitrary formula which must be true
in the state for the action to be applicable. In Strips, precon-
ditions are sets (conjunctions) of atoms, yet in more expres-
sive state languages they can be arbitrary formulas. Effect
expressions are more subtle, and each effect prescribes how
the denotation of a fluent symbol changes as a result of the
action. For a relational fluent symbol p, an effect of an action
a will have the general form:

if A, then p(t) := true/ false

meaning that in the next state the denotation of p must be
updated to make p(t) true (false) when the denotation of A
is true in s. In Strips, A is empty, the term ¢ only contains
non-fluent symbols, and atoms made true go into the add list
and atoms made false into the delete list. In the more general
case, t itself may contain fluent symbols and it makes sense
to evaluate this tuple of terms in the state s where the action
is executed. For functional fluent symbols f (including con-
stant fluent symbols), an effect expression will thus have the
general form
if A, then f(t) .=t/

meaning that in the next state the denotation of f must up-
dated so that f maps the value of the term ¢ into the value
of the term ¢/, both obtained in the state s. For example, an
effect like

ifr <10,thenz :=x + 1

says that the value of x should be increased by one in the
next state if x is currently smaller than 10. For fluent sym-

’The relationship between action languages and the semantical
structures that they describe has been clarified along the years by
work in the area of Reasoning about Change; e.g., see (Gelfond &
Lifschitz 1993; Sandewall 1994).
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bols which are not affected by any action, their denotation is
assumed to persist.

Domain-independent planners with expressive state and
action languages of this type, include GPT (Bonet & Geffner
2000) and MBP (Bertoli et al. 2001), both of which pro-
vide additional constructs for expressing non-determinism
and sensing. Most knowledge-based planners provide very
rich modeling languages, often including facilities for rep-
resenting time and resources; see (Wilkins 1988; Currie &
Tate 1991; Levesque et al. 1997; Bacchus & Kabanza 2000;
Jonsson et al. 2000; Chien et al. 2000; Kvarnstrom, Do-
herty, & Haslum 2000). For the last version of the standard
PDDL language see (Fox & Long 2001), while for complex-
ity issues that arise as the basic Strips language is extended,
see (Nebel 1999)

Computation

While models and languages are key aspects in planning re-
search, the current excitement in the field is to a large ex-
tent the result of recent advances in the resolution of Strips
planning problems. Most of these advances followed the
work on Graphplan, a planner introduced in (Blum & Furst
1995) which was shown to be more powerful than other ap-
proaches at the time, namely partial and total ordered plan-
ners like (Penberthy & Weld 1992; Fink & Veloso 1996).
Graphplan was followed by Satplan (Kautz & Selman 1996;
1999), a SAT-based planner and HSP (Bonet, Loerincs, &
Geffner 1997; Bonet & Geffner 2001), an heuristic search
planner (see also (McDermott 1996)). In the Strips track
of the first 1998 AIPS Planning Competition (McDermott
2000), all the planners were based on either Graphplan, SAT-
Plan, or HSP, and they all were shown to be solve much
larger problems than could be solved previously. The same
remained true for the Strips track of the second 2000 AIPS
Planning Contest (Bacchus 2001), that attracted 13 planners.
In this last contest, heuristic search planners did best, with
four out of the top five planners doing heuristic search one
way or the other, and with FF (Hoffmann & Nebel 2001) do-
ing best of all. The contest, however, is basically concerned
with sequential planning, and thus these results do not carry
much meaning for parallel or temporal planning, aspects that
are expected to be addressed in the next planning contest.

In this section, we will review some of the ideas exploited
by some of these recent planners, and then we’ll move to
temporal and uncertainty planning. We’ll focus mostly on
optimal planning. The reason is methodological; while there
is always room for new, smarter non-optimal search algo-
rithms, optimal search, an in particular optimal search in lin-
ear space (Korf 1993), is mostly the result of two operations:
the branching scheme, defining how the space of solutions is
searched, and the pruning scheme, defining how partial so-
Iutions are pruned. At the same time, ideas useful in optimal
planning can often be used in non-optimal planning, while
the opposite is seldom true.

From this perspective, an heuristic search planner like
HSPr* (Haslum & Geftner 2000) does branching by regres-
sion and prunes a partial solution (a plan tail) when the ac-
cumulated cost plus the remaining cost (as estimated by an
admissible heuristic) exceeds a bound. Similarly, a planner
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like Satplan does branching by selecting a variable and try-
ing each of its values, pruning a ’partial plan’ when a suit-
able form of constraint propagation (unit resolution) detects
a contradiction. In the middle, partial-order planners offer
an alternative branching scheme, their weakness lying in the
lack of good pruning criteria.

Heuristic Search

Heuristic search planners map planning problems into
search problems that are solved with an heuristic func-
tion derived automatically from the problem representation.
Then they use this heuristic to guide the search for plans
either forward from the initial state (progression planners)
or backward from the goal (regression planners) using al-
gorithms such as A*, IDA*, or others. The derivation and
use of these heuristic functions is the key element and the
main novelty in these planners. Different types of heuristic
functions have been formulated in planning and all of them
correspond to optimal cost functions of relaxed problems or
suitable approximations (Pearl 1983).

The first type of heuristics are based on a relaxation in
which the delete lists of all operators is ignored (i.e., they
are assumed empty). This simplification, however, does not
make the problem of finding optimal plans tractable, thus ad-
ditional simplifications are needed. The heuristic in planners
like Unpop and HSP further assumes that atoms are indepen-
dent and thus that the cost of achieving a set of atoms cor-
responds to the sum of the costs of achieving each atom in
the set. The resulting heuristic, called the additive heuristic,
is quite informative and can be computed reasonably fast for
each new node. It can be formally defined by a fixed point
equation of the form

byt ] 0 ifpes
+(p) = mingco(p) [1 + hy (Prec(a))]  otherwise
@)
where O(p) stands for the set of operators that add p and
h(C) is defined for sets of atoms C' as

hi(C)E D" hylq) 6)

qeC

The heuristic h4(s) of a state is hy (G) where G is the
goal, and is obtained by solving (5) above with single-
source shortest path algorithms. The additive heuristic, how-
ever, is not admissible (i.e., it is not a lower bound) and
hence it’s not useful for optimal planning. A different (non-
admissible) heuristic based also on the delete-list relaxation
is the FF heuristic. FF does not assume that atoms are in-
dependent but rather solves the relaxation suboptimally, and
in the way, extracts useful information for guiding a hill-
climbing search. For a detailed comparison between FF and
HSP, see (Hoffmann & Nebel 2001).

A different relaxation is used in (Haslum & Geffner 2000)
for defining a family of polynomial and admissible heuris-
tics h™ for m = 1,2,.... These heuristics take positive
and negative interactions into account, and follow from a
relaxation in which the cost of a set of atoms C with size
|C| > m is approximated (recursively) by the cost of the
mostly costly set D in C of size m. This relaxation can be



formalized by a set of fixed point equations like (5) which
can also be solved by shortest path algorithms. Indeed, for
m = 1, i.e., when the cost of a set of atoms is assumed to
be given by the cost of the most costly atom in the set, the
resulting equations for h™ are like (5)—(6) with the summa-
tion in (6) replaced by maximization. For m > 1, the result-
ing equations and their computation are more complex. The
planner HSPr* uses the heuristic 42, which is computed only
once, within an IDA* regression search. (Haslum & Geffner
2000) also develops h'™ estimators por parallel planning.
While in (Bonet & Geffner 1999) the point is made that
Graphplan can be understood as an heuristic search planner
doing IDA* regression search with an heuristic function hg
implicitly encoded in the plan graph, in (Haslum & Geffner
2000) it is shown that the h¢ heuristic corresponds precisely
to the A" heuristic for parallel planning with m = 2.

A more recent relaxation model used for deriving heuris-
tics in planning is based on the idea of pattern databases
(Culberson & Schaeffer 1998). Pattern databases have been
proposed in the context of the 15-puzzle and have also been
used for solving the Rubik’s cube optimally (Korf 1998).
The general idea of pattern databases is to project the state

space S of a problem into a smaller state space S that can be
solved optimally and exhaustively. Then the heuristic h(s)
for the original state space is obtained from the solution cost

h*(3) of the projected state 3 in the relaxed space S. For
example, if S comprises the possible values of a given set

of multi-valued variables, then the projected space .S can be
obtained by treating several values as the same value, thus
collapsing a potentially large collection of states into a sin-
gle state (Holte & Hernadvolgyi 1999). Alternatively, we
can perform abstraction in the set of variables rather than in
the set of values. In the Strips setting, projected state spaces
can be obtained by removing a number of atoms from the
model; i.e., removing them from the initial state, the goal,
and the operators. Then the projected problem, if sufficiently
small, can be solved optimally from all initial states, and
the resulting costs can be stored in a table providing lower
bounds for the original problem. Heuristics resulting from
different projections (pattern dbs) can be combined with the
max operator to provide still more informed heuristics. See
(Edelkamp 2001) for a more elaborated scheme that uses
pattern databases in planning.

Pattern databases are just one of a number of novel and
powerful ideas that have been recently developed in the area
of problem solving and that are likely to have influence in
planning. See (Korf 2000) and (Junghanns & Schaeffer
1999).

Branching

Optimal planning and search is mostly branching and prun-
ing. While the importance of lower bounds or admissible
heuristics for pruning is well understood in Al, the impor-
tance of good branching rules is seldom mentioned. Indeed,
the index of standard Al textbooks, for example, have en-
tries for ‘branching factor* but not for branching itself. Still
the way the space of solutions is explored has a strong in-
fluence on performance. In Al problem solving, branch-

ing has been, for the most part, applying all possible ac-
tions. This type of forward branching, as well as its oppo-
site, backward branching, where solutions are constructed
backward from the goal, works quite well in problems like
the 15-puzzle, Rubik’s cube, and most sequential planning
problems. Yet, for other domains like the Travelling Sales-
man Problem (Balas & Toth 1985), the Job Shop Schedul-
ing Problem (Beck & Fox 1998), and others, more conve-
nient branching schemes have been developed, which are
likely to be necessary in tasks like temporal planning where
the branching factor of progression and regression planners
blows up. For example in the TSP, one can perform branch-
ing by selecting an edge connecting a city ¢ to a city j, then
creating two subproblems, one in which city ¢ is followed
by city j in the tour, the other in which is not. This branch-
ing rule, along with a suitable lower bound estimator for the
partial tours, works much better for larger TSPs than the
most straightforward approach of starting in one city and
then connecting the last visited city with each non-visited
city.

In AI Planning, the issue of branching has been consid-
ered but in a different form: as the choice of the space in
which to perform the search. State-space planners, namely
progression and regression planners, search in the space of
states, while partial-order planners search in the space of
plans (Weld 1994). This is a useful distinction yet it does not
show what the two approaches have in common and what
they have in common with SAT and CSP approaches. All
planners indeed search in the space of plans. It just happens
that state-space planners are designed to build plans from
the head or the tail only, and as a result, the resulting partial
plan heads or tails can be suitably summarized by the infor-
mation obtained by progressing the initial state through the
plan head or regressing the goal through the plan tail. This
is useful for computing the estimated cost f(p) of the best
complete plans that extend a given partial plan p. In state-
based or directional planners this estimated cost can be split
into two: the accumulated cost of the plan g(p) that depends
on p only, and the estimated cost of the remaining plan h(s)
that depends only on the state s obtained by progression or
regression and which summarizes the partial plan p com-
pletely. In partial-order and SAT/CSP planners this split of
the cost function f(p) for a *partial’ plan p is not possible.
On the other hand, state-based planners, as we have seen,
suffer from a high-branching factor in temporal planning,
where the set of parallel macro actions is exponential in the
number of primitive actions, and in a number of sequential
domains like Sokoban (Junghanns & Schaeffer 1999), where
the number of applicable actions is just too large.

There is no reason, however, for choosing between direc-
tional heuristic planners and non-directional non-heuristic
planners. As in other combinatorial problems, it should be
possible to combine informative lower bounds and effective
branching rules, thus allowing us to prune partial solutions
p whose estimated completion cost f(p) exceeds a bound
B. One option is to devise good admissible estimators f(p)
for non-directional plans. Indeed the failure of partial-order
planning in relation to Graphplan and other modern ap-
proaches is that POP is a smart but blind search (branching)
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scheme, and hence, cannot compete with informed search
algorithms such as Graphplan or HSP. The situation for SAT
and CSP approaches is different. First of all, SAT and CSP
approaches such as (Kautz & Selman 1999; Rintanen 1998;
Do & Kambhampati 2000; M. Baioletti & Milani 2000) are
not blind as they are all built on top of the plan graph con-
structed by Graphplan or a suitable SAT or CSP translation
of it. The plan graph, as we have seen, encodes an infor-
mative and admissible heuristic function. In addition, these
systems explicitly represent the condition f(p) < B that
the estimated completion cost f(p) of a partial plan p has
not to exceed a bound B. This is accomplished through
suitable clauses or constraints that are checked for consis-
tency in every node. For example, if the goal is G = {¢,r}
and the bound B is 10, then a planner like Blackbox will
force the constraint that ¢ and » must be true at time 10
by adding the clauses g9 and r19. Thus while SAT and
CSP approaches do not perform explicit lower bound com-
putations, they check the pruning condition f(p) < B im-
plicitly by constraint propagation and consistency checking.
Whether explicit lower bound computations or consistency
checking through suitable constraint propagation rules is the
best approach for reasoning with non-directional plans de-
pends on which of the two strategies yields more pruning.
Actually, the best method will probably emerge from an in-
tegration of the two approaches as can be seen from recent
work in constraint programming (Caseau & Laburthe 1994;
Focacci, Lodi, & Milano 1999).

Search in Non-Deterministic Spaces

Heuristic and constraint-based approaches, so powerful in
the deterministic setting, are not directly applicable to prob-
lems involving non-determinism and feedback, as the solu-
tion of these problems is not a sequence of actions but a
function mapping states into actions. The standard meth-
ods for solving such problems are not based on heuristic or
constraint-based search but on dynamic programming (Bell-
man 1957; Bertsekas 1995). Dynamic programming (DP)
methods compute a value function over all states, and use
this function to define the policy. The greedy policy 7y (s)
relative to a given value function V' corresponds to the func-
tion that maps states s into actions a that minimize the worst
cost or the expected cost of reaching the goal from s

def .
def ,s) + V(s
Ty (s) = argming e 4 ) <C(a s) S,g}wﬁ&fs) (s )>

v () o argmin,, ¢ 4 (4 (c(a7 s) + Z P,(s']s) V(S/)>
s'esS

according to whether state transitions are modeled non-
deterministically or probabilistically. While standard heuris-
tic search methods like A* or IDA* cannot be used to search
for policies, any heuristic function h determines a greedy
policy my for V' = h. Moreover, one of the basic results
in DP is that this greedy policy is optimal when V is the
optimal cost function. DP methods like value iteration thus
aim to compute the optimal cost function or a suitable ap-
proximation of it, and plug that function into the greedy pol-
icy. The optimal cost function is the solution of the Bellman
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equation

v _ . 7 + 174 /
(8) = min (“ o+, Deax <s>)

V(s) = min <c(a,s) + Z P.(5'|s) V(5/)>

a€A(s) e

for the non-deterministic and stochastic cases respectively,
in both cases with V' (s) = 0 for all goal states. Value itera-
tion solves the Bellman equation by plugging an estimate V;
function on the right hand side, and obtaining a new value
function V; 1 on the left hand side. This process is iterated
until a fixed point is reached (in the probabilistic case, the
convergence is defined in a slightly different way, see (Bert-
sekas 1995)). In asynchronous DP, a single vector V' is used
on the left and right, and the iterations are updates on this
vector. Moreover, rather than performing a parallel update
over all states in V/, some arbitrary subset of states is se-
lected for update in each iteration. The same convergence
guarantees exist, as long as all states are updated sufficiently
often (Bertsekas 1995).

DP methods work well for spaces containing hundreds of
thousands of states, or even few millions. For larger spaces,
the time and space requirements of pure DP methods is pro-
hibitive. This is in contrast to heuristic search methods for
deterministic problems that can deal with huge state spaces
provided a good heuristic function is used for avoiding con-
sideration of most states.

In the last few years, promising strategies that integrate
DP and heuristic search methods have been proposed. Real
time dynamic programming (Barto, Bradtke, & Singh 1995)
is one such strategy. As an heuristic search method, RTDP
performs iterated greedy searches using an heuristic func-
tion that is adjusted dynamically. More precisely, in every
non-goal state s, the best action a according to the heuris-
tic is selected (i.e., & = 7y (s)) and the heuristic value h(s)
of the state s is updated using Bellman equation. Then a
random successor state of s and a is selected using the tran-
sition function or transition probabilities, and this process is
repeated until the goal is reached. Barto et al. show two key
results that generalize those proved earlier by Korf in the
deterministic setting for the LRTA* algorithm (Korf 1990)
(see also (Koenig & Simmons 1995)). First, that this dy-
namic greedy search cannot be trapped into loops forever,
and thus, that it eventually reaches the goal (provided the
space is suitably ‘connected’). This is what’s called a single
trial of the algorithm. Second, that consecutive trials of the
RTDP algorithm using the heuristic (value) function result-
ing from the previous trials, eventually results in a greedy
policy that is optimal (provided that the heuristic used in the
first trial is admissible). The importance of these results is
that DP updates in the RTDP algorithm are focused on the
states visited in the search, and that this set of states can be
very small in comparison with the whole state space if the
initial heuristic is sufficiently informed. In particular this
may result in some states never being visited, something that
makes RTDP different from other (asynchronous) DP algo-
rithms and more similar to heuristic search algorithms in Al.



A more recent heuristic DP algorithm is LAO* (Hansen
& Zilberstein 2001). LAO* is an extension of the well
known AO* algorithm (Nilsson 1980; Pearl 1983) that re-
places the backward induction step in AO*, which is suit-
able for acyclic graphs, into a full DP step. While different
on the surface, LAO* and RTDP are similar and both can be
seen as variations of a best-first algorithm in which a state
in the best partial policy is selected for expansion in each
step until the best partial policy becomes ’complete’. In the
next few years, we are likely to get a better theoretical and
empirical understanding of these and other heuristic DP al-
gorithms, and of the heuristics that are needed to make them
work in large non-deterministic spaces.

Belief Space

Planning problems involving uncertainty but no feedback
can be mapped into deterministic search problems in be-
lief space (Section 2). These are the so-called conformant
planning problems. The two key problems from a compu-
tational point of view, are the derivation of good heuristic
functions in belief space, and the effective representation
and update of belief states in large state spaces. In princi-
ple, any admissible heuristic resulting from assuming com-
plete observability can be ‘lifted’ into an admissible heuris-
tic for conformant planning, yet the resulting heuristics can
be very poor. Other ideas are necessary for scaling up; a
promising alternative is the use of state projections as found
in pattern databases and the heuristics A"*. Non-admissible
heuristics for guiding a greedy search in belief space have
been recently proposed in (Bertoli & Cimatti 2002) which
also deals with the problem of efficiently representing and
updating belief states through the use of OBDDs. For other
approaches to conformant planning, see (Rintanen 1999;
Ferraris & Giunchiglia 2000).

For Planning with uncertainty and partial observability,
the same problems need to be faced, and in the addition,
the search in belief space becomes non-deterministic. There
are very few planners that handle both uncertainty and par-
tial observability. Probably the best current such planners
are GPT (Bonet & Geffner 2000), an RTDP planner, and
MBP (Bertoli et al. 2001), a model checking planner. While
planning with uncertainty and feedback is very hard, both
systems can model and solve non-trivial problems. Both are
available in the web and interested readers are encouraged
to give them a try.

Conclusions

We have approached the problem of planning from a per-
spective that makes a clear distinction between planning lan-
guages, models, and algorithms. AI Planning, from this
point of view, is about the representation and resolution of
certain classes of models. We have also discussed some of
the ideas that we think are most important from a computa-
tional point of view: heuristic functions, branching and con-
straint propagation rules, search in non-deterministic spaces,
and search in belief spaces.

It is an exciting time to be doing research in planning.
New approaches and empirical standards have opened up

the field and progress in the last few years has been very
fast. There is also a convergence at many levels with other
areas concerned with modeling and problem solving like
Constraint Programming and Combinatorial Optimization.
More complex problems can now be modeled and solved,
and this trend is likely to continue over the next few years.
This is likely to have an impact on the use of planning tools
outside of academia which is still limited.
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